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“A man may imagine things that are false, 

but he can only understand things that are true, 

for if the things be false, 

the apprehension of them is not understanding.” 

 

Sir Isaac Newton (1643 - 1727) 
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Abstract 

All satellite imaging sensors suffer from a fundamental limitation; the Digital Number 

(DN) recorded by a pixel does not only measure radiance originating from the area of the 

Earth’s surface represented by this pixel, but it also measures radiance originating from 

surrounding areas represented by adjacent pixels. 

This adjacency effect impacts image processing algorithms that characterize the Earth’s 

surface on a per-pixel basis. These algorithms usually neglect the adjacency effect and assume 

an ideal pixel for which 100 % of its DN originates from the area represented by this pixel. 

This “ideal pixel” assumption is equivalent to stating that the spatial resolution of the image is 

equal to the ground pixel size or Ground Sampling Distance (GSD). 

The ideal pixel assumption generates moderate errors for satellite imagers in which the 

spatial response of the sensor is limited by the spatial response of its detector, but it generates 

gross errors for satellite imagers in which the spatial response of the imaging sensor is limited 

by the spatial response of its optical aperture. 

Traditional large remote sensing satellites (few tons in weight) deployed by space 

agencies, such as Landsat, provide images that usually have a detector-limited response, 

whereas the more recent small CubeSat satellites (few kilograms in weight) deployed by 

commercial vendors, such as Planet’s SuperDove, provide images that usually have an optics 

limited response. 

As demonstrated in the sixth chapter, in a Landsat image about 70 % of a pixel’s DN 

originates from the area represented by this pixel, and its average spatial resolution distance is 

about 1.5 times larger than its GSD.  In a SuperDove image about 10 % of a pixel’s DN 

originates from the area represented by this pixel, and the average spatial resolution distance is 

about five times larger than its GSD. 

The early satellite images had a detector-limited response, so the moderate errors of the 

ideal pixel assumption were almost unnoticeable, being mostly masked by image noise. The 

models (metrics, methods, and algorithms) associated with this assumption were adopted as 

axioms, and although some works warned about the errors involved in using these models to 

describe optics-limited images, these warnings went unnoticed by most of the remote sensing 

community. 

 The aim of this research is to advance the assessment of the spatial response of satellite 

images by developing four innovations applicable to detector-limited and optics-limited images: 

(1) a metric to gauge spatial resolution distance, (2) a method to assess spatial response models, 

(3) a model to estimate spatial response from edge measurements, and (4) a procedure to 

improve the spatial response of satellite images.   

The first chapter of this thesis presents the genesis of the problem, introduces some key 

technical terms that will be used in the next chapters, and gives an overall view of my research.  

The second chapter presents an upgraded taxonomy of spatial resolution metrics and 

develops a new metric that computes the spatial resolution distance as a function the image’s 

resolving contrast. This new metric allows current spatial resolution metrics to be assessed 

using an unbiased framework, showing that most current metrics are either incorrect or biased. 
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The third chapter shows that the current methodology to assess spatial response models 

is biased since it uses as a benchmark a specific sensor with a given spatial response, so the 

model’s assessment is only applicable to this specific spatial response. This chapter develops a 

new methodology that uses the optical design parameters - which define the spatial response - 

as independent variables, so the assessment is applicable to a wide variety of spatial responses.  

This methodology is applied to assess the two-edge Separable Point Spread Function (PSF) 

model that estimates the spatial response of a satellite image by measuring this response along 

two perpendicular edges. It is shown that this popular two-edge model is only applicable to low 

optical factors (detector-limited images) and that it gives incorrect results for the higher optical 

factors (optic-limited images) employed by most types of current satellite images. 

 

The fourth chapter develops a new spatial response model that uses three edge 

measurements and that is applicable to the higher optical factors not covered by the Separable 

PSF model. This new three-edge model is developed and assessed with the same methodology 

developed in the third chapter, showing that it complements the two-edge model, so that both 

models together enable the estimation of the spatial response through edge measurement for 

all optical factors. 

 

The adjacency errors of the ideal pixel assumption can be reduced by “restoration”, an 

image processing technique that approximates the actual image to the ideal image. The usual 

restoration technique deconvolves the raw image with a deconvolution kernel defined by the 

sensor’s spatial response. It has been shown that this usual kernel is not optimal and an 

empirical method to find the optimum kernel has been proposed, but this method is 

cumbersome and is not applicable to all satellite imagers. In response to this limitation, the fifth 

chapter develops a new alternative method to find the optimum kernel by using synthetic edge 

images. This new method is validated by showing that its predictions agree with the results of 

the previous empirical method. The new method is more accurate and simpler to apply, opening 

new research paths on image restoration. 

 

The sixth chapter demonstrates the practical application of the metric developed in the 

second chapter, by computing the spatial resolution distance of the green channels’ images 

captured by SuperDove and Landsat 8 satellites, under three different conditions: (1) negligible 

atmospheric turbulence and moderate spacecraft jitter, (2) strong atmospheric turbulence and 

moderate spacecraft jitter, (3) negligible atmospheric turbulence and high spacecraft jitter. An 

original procedure is developed to estimate the spatial response model of the imaging channels, 

by using a combination of spatial response measurements, known sensor parameters, and 

unknown sensor parameters.   

 

The seventh chapter synthetizes the results, illustrating new applications for the 

innovations presented in the previous chapters and giving examples how they can be used 

altogether as tools to improve the assessment and the quality of satellite images.    
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1.1.   Overview 

 

Section 1.2 provides the background material required to understand the statement of the 

problem and the corresponding research questions. 

 

Section 1.2.1 provides a qualitative description of how the technical development of 

satellite imaging sensors has currently generated a problem regarding the assessment of their 

spatial response.   

 

Section 1.2.2 introduces the parameters of an imaging sensor that are required to compute 

its optical factor and section 1.2.3 graphically illustrates the spatial response for different values 

of the optical factor. 

 

Section 1.2.4 contrasts the concept of an ideal satellite image with the concept of an 

actual satellite image, and section 1.2.5 discusses how the conflict between these two concepts 

paves the way to the statement of the problem that will be presented in section 1.3. 

 

Section 1.3 identifies the research gaps and the corresponding research questions. 

 

Section 1.4 outlines the structure of this thesis. 

 

1.2.   Background 

 

1.2.1. Genesis of the problem 

 

This research addresses the assessment of the spatial response of imaging sensors on board 

satellite platforms, named satellite imagers for short. The spatial response of an imaging sensor 

(imager) is one of its most important features, because it defines the level of detail of the scene 

that can be captured in the image. The assessment of the spatial response of imagers considers 

several issues: the metrics used to characterize the properties of the spatial response, the 

mathematical models used to predict the shape of the spatial response, the methods used to 

measure the spatial response when the imager is already in orbit, and the image processing 

procedures used to improve the spatial response of the image once it is captured. In this section, 

the previous metrics, models, methods, and procedures are collectively described as “models”. 

  

Since the launch of Landsat 1 in 1972, the design concept of satellite remote sensing 

instruments has experienced some important changes. Until 1999 satellite imagers were high 

quality instruments, designed to achieve a spatial response limited by the size of the detector 

elements (Markham 1985). This “detector-limited” design allowed the spatial response of the 

instruments to be successfully assessed by using some simple models. The small errors of these 

models were almost unnoticeable because the images were relatively noisy, so model’s errors 

were masked by image noise (Mika 1997). Thus, the practical utility of these detector-limited 

spatial response models was firmly established in the remote sensing community, and so in 

many publications they were presented – and are still presented nowadays - as axioms. 
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In 1999 the Ikonos satellite was launched, becoming the first commercial high-resolution 

satellite imager to provide a 1-meter ground pixel size. To achieve this small ground pixel, the 

Ikonos sensor deviated from the detector-limited design and used instead a new type of “optics-

limited” design in in which the spatial response is mainly limited by the size of the optical 

aperture.  

 

The models that are useful to assess the spatial response of detector-limited imagers are 

not applicable to optics-limited imagers. Several publications have warned the remote sensing 

community of the high errors incurred by using detector-limited models to assess optics-limited 

sensors (Townshend 1981, 32; NRC 2000, 29; Thompson 2009, 1; Verhoeven 2018, 25), but 

the number of these “model-warning” publications is insignificant when compared to the 

overwhelming number of publications which present the detector-limited models as axioms. 

 

Space agencies are still deploying instruments with detector-limited designs; this is the 

case of some imaging channels on board Landsat 9 and Sentinel 2 satellites. But, considering 

the overall number of remote sensing satellites currently in orbit, optics-limited designs are by 

far the most prevalent trend. This trend has been exacerbated by the hundreds of CubeSat 

imaging sensors in orbit, which use an optics-limited design to achieve a small ground pixel 

size.  

 

Nowadays, most satellite images used in remote sensing applications are captured by 

optics-limited sensors, However, most users are unaware of the errors incurred by applying 

detector-limited models to assess the spatial response of optics-limited images. This lack of 

awareness is due to a combination of three main factors: the success of detector-limited models 

to characterize the first satellite imaging sensors, the current presentation of detector-limited 

models as axioms in the remote sensing literature, and the lack of suitable models to replace 

the former models outside their range of validity.  

 

The need to provide more accurate spatial response models is exacerbated not only by 

the trend for higher optical factors, but also due to the improved electronics of current detector 

technologies which have reduced by more than one order of magnitude the noise level of 

satellite images. For example, it is illustrative to compare the radiometric performance of the 

Multi Spectral Scanner (MSS) on board Landsat 1, launched in 1972, with the performance of 

the Ocean and Land Colour Instrument (OLCI) on board Sentinel 3B, launched in 2018. For 

this purpose, band 4 of the MSS, which covered wavelengths from 500 to 600 nm will be 

compared with band 12 of OLCI which is centred at 560 nm.  

 

The parameters of interest for this comparison are the Signal to Noise Ratio (SNR) 

measured in orbit and the number of bits per pixel in which the Digital Number (DN) recorded 

by each pixel is encoded. For Landsat 1 the SNR was 113 and the DN was coded in six bits 

(Mika 1997, Table 2), whereas for Sentinel 3B the SNR was 1822 and its DN is coded in twelve 

bits (S3MPC 2021, Table 5). The noise level has decreased 16 times and the number of DN 

levels has increased 64 times, this means that more accurate spatial response models are 

required to fully exploit the radiometric performance of current satellite images. 
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The evolution of satellite sensors has generated the need to develop new spatial response 

models applicable to optics-limited and detector-limited designs. These new models should 

allow a more accurate characterization and a more efficient exploitation of the spatial response 

of optics-limited satellite images. These new models could also be used to quantify the huge 

errors of the current detector-limited models, contributing to raise awareness in the remote 

sensing community about the fundamental limitations of these later models and the need to 

replace them when dealing with optics-limited images. 

 

1.2.2. Imaging sensors 

 

An imaging sensor, known as imager for short, is an electrooptical device that produces 

a two-dimensional visual representation of a three-dimensional scene. This representation, 

known as “image”, is a rectangular array of many picture elements named “pixels”.  

 

The production of the image is schematically illustrated in Figure 1.1; the imager captures 

through its optical aperture some electromagnetic energy radiated from the scene and 

transforms it into an array of digital numbers which are represented visually as an image. In 

this schematic figure the image is simplified by assuming that it has only 11×11 pixels, whereas 

in practice it may have more than one million pixels.  

 

 
 

 

 

        

Once the electromagnetic energy enters the optical aperture, the optical elements of the 

sensor channelize this energy, focusing it on a two-dimensional array of detector elements, also 

known as focal plane array or image plane. Each element of this array, also known as a “pixel”, 

generates an electrical signal that is proportional to electromagnetic energy that was focused 

on its detecting surface. The intensity of this signal is measured, and the recorded result is the 

pixel’s Digital Number (DN).  

 

Therefore, the term “pixel” may refer to the physical detector elements of the focal plane 

array or to the picture elements of the image that visually represents the DNs measured by the 

detector elements. For a given image, each detector element generates a single DN which 

uniquely defines the picture element, thus there is a one-to-one correspondence between these 

two elements. The possible ambiguity between these two meanings of “pixel” is not an issue, 

being resolved by the context.  

 

Figure 1.1: Production of an image by an imaging sensor. Electromagnetic energy radiated by the three-

dimensional scene is captured through the optical aperture of the imaging sensor (imager). The imager 

produces a two-dimensional array of digital numbers which are visually represented in an image. 
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Figure 1.2 provides a schematic cut-view illustration of this focusing process, showing 

the four dimensions that are most relevant to the image obtained: the wavelength λ of the 

electromagnetic energy, the diameter D of the optical aperture, the focal length distance F 

between this aperture and the image plane, and the pixel pitch p of the detector elements. In 

what follows it is assumed that the optical aperture is circular and that detector elements have 

a square shape. 

 

 
 

 

 

 

 

 

One of the most important design parameters of an imaging sensor, is the optical factor 

Q defined as (Fiete 2010, Chapter 8): 

 

                                                                                                               𝑄 =  
λ

𝐷
 
𝐹

𝑝
                                                                (1.1) 

 

Where λ is the central wavelength of the detected radiation, D is the diameter of the 

optical aperture, p is the pixel pitch of the detector elements, and F is the focal length of the 

optical system. As will be discussed in what follows, the optical factor defines the shape and 

the extent of the sensor’s spatial response. 

 

One illustrative definition of the optical factor is to consider the focusing on the image 

plane of the energy generated by a scene in which there is single point source; a practical case 

is the astronomical observation of a single star surrounded by dark space. In this case, about 

half of the energy focused by the circular optical aperture on the focal plane array is contained 

within a circle of diameter ϕ = λ·F/D (Tschunko 1974), thus the optical factor can also be 

defined as the ratio between the half-energy diameter ϕ and the pixel pitch p:  

 

Figure 1.2: Schematic cut view of the generation of digital numbers by an imaging sensor. Electromagnetic 

energy of wavelength λ, shown in red colour, is captured by an optical aperture of diameter D and then it is 

focused along a focal length F on the focal plane array or image plane. Each detecting element or “pixel” 

of this array converts the focused energy into an electrical signal whose intensity defines the pixel’s digital 

number. Only one column of the array is represented in the figure. 
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                                                                    𝑄 =  
𝜙

𝑝
                                                              (1.2) 

Although almost half of the energy (actually 46 %) is focused within a circle of diameter 

ϕ, the remainder energy spreads into a much larger diameter. For example, 83 % of the energy 

is contained within a diameter 2·ϕ and 96 % of the energy is contained within a diameter 10·ϕ 

(Tschunko 1974).  

 

Figure 1.3 presents a plan view of nine pixels in the image plane, depicting as a black 

circle the half-energy diameter for three values of the optical factor. For Q = 0.1 (left panel of 

Figure 1.3) 97 % of the energy focused into the image plane is detected by the central pixel 

(Andersen 2015). For Q = 1 (central panel of Figure 1.3) 54 % of the energy focused into the 

image plane is detected by the central pixel (Andersen 2015). For Q = 2 (right panel of Figure 

1.3) 18 % of the energy focused into the image plane is detected by the central pixel (Andersen 

2015). 

 

 

     

 

 

 

 

1.2.3. Spatial response of an imaging sensor 

 

The spatial response of an imaging sensor, known as the Point Spread Function (PSF), 

determines the image that will be produced for a given scene. The PSF is a two-dimensional 

function, defined as the response of the imager to a single point-source in the scene. The shape 

and the extent of this function depends mainly on the optical factor Q, some examples of spatial 

response will be graphically presented for a perfect staring imager.  

A perfect imager has an ideal optical system, without any type of imperfection (no optical 

aberrations), and an ideal detector array, in which the DN measured by each pixel does not 

affect the DN measured by adjacent pixels (no pixel crosstalk due to charge diffusion between 

detector elements). A staring imager does not scan its field of view while capturing the image.  

Figure 1.3: Pictorial representation of the half-energy diameter in the image plane for three different optical 

factors. A section of 3×3 pixels in the image plane is represented by nine squares of width p and the half-

energy diameter ϕ that contains 46 % of the energy focused into the image plane is represented by a black 

circle. The three figures assume that the geometrical projection of the point source in the scene lies in the 

centre of the central pixel. The black circle contains almost half of the energy focused on the image plane, so 

when Q = 0.1 almost all this energy lies within the central pixel, when Q =1 this energy distributes roughly 

evenly between the central pixel and its surrounding pixels, and when Q = 2 the greatest portion of this energy 

spreads into adjacent pixels. 
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As described in sections 2.3.1.2, 3.2.3 and 4.2.2.1, all imagers have imperfections, and 

most satellite imagers scan their field of view to produce the image. But, to introduce the 

concept of spatial response, it is convenient to leave imperfections and scanning aside, to 

consider only the impact of the optical factor on the spatial response. Under these conditions, 

the one-dimensional cuts of the spatial response are identical along the columns and lines of 

the detector array. Four examples of these response will be graphically and numerically 

illustrated. 

In all these examples there is only a single point source in the scene whose geometrical 

projection in the image plane is located at the centre of the central pixel. For convenience only 

a small area of 10×10 pixels in the image plane is presented. The spatial response is normalized 

to a maximum value of 1, which always occurs at the centre of the central pixel. To quantify 

the spatial response to single point source in the scene the following parameters are presented 

at Table 1.1: 

1. The Full Width at Half Maximum (FWHM) of the PSF along the columns or lines of the 

detector array. This parameter measures the distance (in pixel pitch units) between the points 

where PSF = 0.5, and so it gives a measure of the space in the image plane where about half 

of the energy detected is distributed.  

 

2. The Full Width at one-hundredth Maximum (FWhM) of the PSF along the columns or lines 

of the detector array. This parameter measures the distance (in pixel pitch units) between the 

points where PSF = 0.01, and so it gives a measure of the spread of the spatial response into 

adjacent pixels. The spread of the PSF into adjacent pixels is quantified by (FWhM-1)/2.  

 

3. The Percentage of Pixel Energy (PPE). This parameter measures the percentage of energy 

focused into the image plane that is detected by the central pixel, the remainder of this 

energy distributes throughout the surrounding pixels. Ideally 100 % of this energy should 

be detected by the central pixel, but this occurs only when Q = 0. 

 

If the optical factor is zero (Q = 0) the shape of the PSF has a perfect square cross section 

and extends over one pixel. Figure 1.4 illustrates the PSF for Q = 0, in this case the central 

pixel detects 100 % of the energy that was focused on the image plane, and the PSF does not 

spread into adjacent pixels. This case is impossible to achieve in practice because it requires an 

infinitely large diameter of the optical aperture (D → ∞) or infinitely large pixels (p → ∞). 

If the optical factor is much smaller than one (Q << 1) the shape of the PSF is mainly 

defined by the detector elements; it has a square cross section. Figure 1.5 illustrates the PSF 

for Q = 0.05, the spatial response spreads about one fifth of a pixel into the adjacent pixels and 

the central pixel detects 98 % of the energy focused on the image plane (Andersen 2015). 

If the optical factor is about one half (Q ≈ 0.5) the shape of the PSF is defined by the 

detector elements and by the optical aperture, it has a square cross section with rounded corners. 

Figure 1.6 illustrates the PSF for Q = 0.5. The PSF spreads about 0.8 pixels into the adjacent 

pixels and the central pixel detects 84 % of the energy focused on the image plane (Andersen 

2015). 

If the optical factor is larger than one (Q > 1) the shape of the PSF is defined by the 

optical aperture: it has a circular cross section. Figure 1.7 illustrates the PSF for Q = 3. The 
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PSF spreads about 2.9 pixels into the adjacent pixels and the central pixel detects only 7 % of 

the energy focused on the image plane. 

                         Table 1.1: Parameters of the spatial response for a perfect staring imager 

  

Q FWHM (pixels) FWhM (pixels) PPE (%) 

0 1.00. 1.00 100.0 

0.05 1.00 1.42 98 

0.5 1.02 2.68 84 

3 3.14 6.84 7 

 

Figures 1.4 to 1.7 and Table 1.1 illustrate how the shape and extent of the spatial response 

varies as the optical factor Q increases. The main impact of an increase in Q is an increase in 

the spread of the spatial response into adjacent pixels and consequentially a decrease in the 

fraction of the energy detected by the central pixel. In practice, satellite imagers have 

imperfections, and they need to scan their field of view to produce the image. These two issues 

will broaden the spatial response, increasing the FWHM and the FWhM and decreasing the 

PPE values indicated in Table 1.1. 

 

 

 Figure 1.4: Point Spread Function of a perfect imager with an optical factor Q = 0.  



                
Chapter 1                                                                                                                                            Introduction 

11 
 

  

 

 

  

  

 

    

 

Figure 1.5: Point Spread Function of a perfect imager with an optical factor Q = 0.05.  

Figure 1.6: Point Spread Function of a perfect imager with an optical factor Q = 0.5. 



                
Chapter 1                                                                                                                                            Introduction 

12 
 

  

 

 

 

1.2.4. Satellite images  

 

The imaging sensors on board Earth observing satellites are currently one of the most 

powerful tools to monitor our planet. The number of satellites that capture images from the 

ground surface has grown exponentially in the past decade due to the launch of hundreds of 

small CubeSat satellites. For example, the PlanetScope constellation has more than 430 

CubeSats that provide daily images over most of the Earth’s surface (ESA Earth Online 2024).   

 

The number of applications of satellite images has also increased, the most common 

usages are found in the fields of air quality, agriculture, cartography, defence, disaster 

management, fire monitoring, hydrology, meteorology, oceanography, and water quality. 

 

A satellite imager can be modelled as a device that maps the ground surface onto an 

image composed of an array of pixels, as illustrated in Figure 1.8. Although pixels may have 

different shapes, they are typically square, as will be assumed in what follows. For a nadir 

looking satellite imager, each pixel of width p represents a square area of width GSD on the 

Earth’s surface, where GSD stands for Ground Sampling Distance. In satellite imagers the pixel 

pitch p varies between a few microns (μm) to several tens of microns, whereas the GSD varies 

between 30 cm and several kilometres.   

 

Figure 1.8 presents the ideal image and the actual image for a scene composed of three 

point sources of equal strength, named A, B, and C, which are located over a homogeneous 

background. The ideal satellite imager has the perfect spatial response presented in Figure 1.4 

which spreads uniformly through one pixel. The actual satellite imager assumed in Figure 1.8 

has a spatial response that spreads over adjacent pixels, like the response shown in Figure 1.6.  

 

Figure 1.7: Point Spread Function of a perfect imager with an optical factor Q = 3. 
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In the ideal image, the DN measured by each pixel is proportional to the average radiance 

originating from the ground area represented by the pixel. The three pixels that contain the 

point sources have the same DN, regardless of the position of the point sources within the areas 

represented by these pixels. Sources B and C are separated at a distance larger than a pixel so 

they can be resolved, that is, they can be identified in the image as two separate sources. 

 

In the actual image, the DN measured by each pixel is proportional to a weighted average 

of the radiance originating from the ground area represented by the pixel and its adjacent pixels. 

The DNs measured by three pixels that contain the point sources are dependent on the position 

of the point sources within the areas represented by these pixels. Sources B and C are separated 

at a distance only slightly larger than a pixel so they cannot be resolved, that is, they appear in 

the image as one single extended source. 

 

1.2.5. What’s in a pixel? 

 

In the ideal image a pixel is a sharply defined entity because there is an exact 

correspondence between the DN it measures and the ground area it represents. In the actual 

image a pixel is a fuzzy entity since the DN it measures also contains some information from 

ground areas represented by adjacent pixels. In theory, if the scene and the spatial response of 

the sensor are known, the DNs of the actual image can be found. But, in practice, the image is 

usually captured because the scene is not fully known, so in this case the adjacency effect 

cannot be rigorously characterized. As stated by Cracknell (1998, 2025): 

 

“There is no simple answer to the question `what exactly gives rise to the signal detected and 

recorded in a pixel in a remotely-sensed image?’ The main point to be made is to try to ensure 

that it is realised that there is a problem and to give some indication of the nature of that 

problem.”     

 

Figure 1.8: Mapping of the Earth’s surface by a satellite sensor.  Each square pixel of width p in the image 

represents a square area of width GSD in the ground plane. The scene has three point sources A, B, and C. 

Sources B and C can be resolved in the ideal image, but they cannot be resolved in the actual image. 
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The problem indicated by Cracknell (1998) does not yet have an exact and unique 

solution. If the sensor’s spatial response is known, a technique to alleviate this problem is to 

“restore” the actual image so that it approximates the ideal image, but this restoration is 

completely successful only when the scene is known beforehand (Huang et al. 2002).   

 

In practice, the remote sensing user is usually forced to assume that an actual image can 

be approximated to an ideal image. This is the key assumption behind all image processing 

algorithms that characterize the properties of the Earth’s surface on a pixel-to-pixel basis. 

Although this assumption is incorrect from a physical point of view, it is highly convenient 

from a mathematical point of view, because it greatly simplifies the image processing 

algorithms by assigning to each pixel a representation of a well-defined area on the Earth’s 

surface.  

 

The errors behind this ideal image assumption were relatively small for the first types of 

satellite imagers that had a low optical factor, because in this case more than half of the energy 

detected by a pixel originates from the ground area represented by this pixel. But these same 

errors are very large for the current CubeSat imagers that have a high optical factor, because in 

this case less than one tenth of the energy detected by a pixel originates from the ground area 

represented by this pixel. Thus, it may be surprising that in some remote sensing textbooks this 

assumption is presented as a fact without acknowledging that, in the best case, it is only a rough 

approximation:  

 

“The intensity of each pixel corresponds to the average brightness, or radiance, measured 

electronically over the ground area corresponding to each pixel.” (Lillesand et al. 2015, 31). 

 

If this ideal image assumption is accepted as valid, then it readily follows that the spatial 

resolution distance of the image is exactly one pixel, because if two sources are separated at a 

distance slightly larger than one pixel, as depicted for sources B and C in the left plan view of  

Figure 1.8, they can be resolved in an ideal image as two distinct objects, as shown in the upper 

right image of Figure 1.8.  

 

The identification of GSD with spatial resolution distance is an assumption deep-rooted 

in the remote sensing community. This assumption is an acceptable approximation for high 

quality imagers with low optical factors (Q << 1), but it grossly underestimates the spatial 

resolution distance of imagers with high optical factors (Q >1). For example, NASA and ESA 

have independently concluded that the spatial resolution distance of Planet’s CubeSat imagers 

is about five times larger than their GSD (NASA 2020, 12; Saunier and Cocevar 2022, 28). 

 

Thus, the assumption that a pixel from an actual image can be approximated to a pixel 

from an ideal image generates two errors that are usually neglected by the remote sensing 

community: the pixel adjacency error and the spatial resolution distance error. These errors 

were small for the early satellite imagers with low optical factors, and they were masked by 

the relatively high noise in the early images. These errors are high for the current satellite 

imagers with high optical factors, and they are no longer masked by the relatively low noise in 

the current images. 
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1.3.   Knowledge Gaps, Aims and Research Questions 

 

1.3.1. Knowledge gaps   

 

During the literature review, several knowledge gaps were found regarding the 

assessment of the spatial response of satellite imagers. Subsequently, the following four 

knowledge gaps were identified as the most relevant for defining my four research questions. 

 

1.3.1.1.  Spatial resolution metrics 

 

Spatial resolution is a highly popular concept, that in most remote sensing publications 

has a clear and unambiguous definition: it is equal to the GSD of the image. The fact that the 

spatial resolution of imaging sensors is always larger than the GSD and that it is an elusive and 

difficult concept to manage, has been noted in a few scattered publications since the advent of 

satellite imagers. It is illustrative to quote some warnings of the difficulties encountered when 

dealing with the concept of spatial resolution: 

 

“Throughout the history of imagery the concept of  [spatial]  resolution has been poorly 

defined, misused, and confused. Recently raster (sample data) systems have added further 

confusion. Accordingly, a closer look at the concept of [spatial] resolution is in order.” (NASA 

1973, 104) 

 

“In practice the capabilities of such future [high spatial resolution satellites] systems, 

and even current ones, are poorly comprehended by many earth scientists including 

geographers. In large part this arises because users do not properly understand the 

significance of resolution figures which are quoted.” (Townshend 1981, 32) 

 

“Spatial resolution is one of the sensor parameters often mentioned but, in my opinion, 

also one that is least understood.” (Joseph 2000, 9) 

 

“No property of images is more widely quoted, and simultaneously misused, than 

resolution. It is a term that conveys a strong intuitive meaning, but is difficult to define 

quantitatively.”  (Schowengerdt 2007, 76) 

 

“The smallest sized detail on the ground actually recorded by an airborne or satellite 

camera system can be different to that expected by an applications scientist or image analyst. 

When this misconception occurs, it may be due to the method used in determining the spatial 

resolution of the camera system concerned.” (Thomson 2009, 1) 

 

“It is thus fair to say that the technical concept of resolution – or more specifically spatial 

resolution – and all its implications are commonly poorly understood, which leads to many 

popular, accepted but completely wrong statements.” (Verhoeven 2018, 25) 

 

By comparing the statement of Verhoeven (2018) with the one of NASA (1973) it is 

appreciated that although more than five decades of research have elapsed, the concept of 

spatial resolution is still considered by the technical literature as a source of confusion and 
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misunderstanding. The fact that more than thirty spatial resolution metrics have been proposed 

to compute the spatial resolution distance of satellite images, and that all these metrics give 

different results, shows the need of a fundamental review to the concept of spatial resolution 

distance. 

 

Thus, there is a clear knowledge gap regarding the concept of spatial resolution itself and 

consequentially in the metric that mut be used to compute the spatial resolution distance of 

satellite images. Chapter 2 is an attempt to clarify this subject by defining a new spatial 

resolution metric which computes the spatial resolution distance as a function of the resolving 

contrast in the image, instead of assuming that it is a single number as other metrics usually 

do. This new metric allows current metrics to be assessed under a common framework, showing 

that the most popular metrics are either erroneous or biased.   

 

1.3.1.2.   Spatial response models 

 

A review of 91 remote sensing publications that employ analytic models for the spatial 

response of an imaging sensor, indicated that the most popular model by far is the Gaussian 

function which is used in 59 of these works. The Fermi function model came second, being 

used in 29 of these works. The results of this review suggest that most researchers assume, 

either tacitly or explicitly, that the spatial response of imaging sensors has a standard shape 

defined by a given analytic function (Gaussian, Fermi, Cauchy, and others), and that what 

varies from one sensor to the other is only the width of this shape.  

 

The current methodology to assess spatial response models tacitly follows the previous 

assumption, as the accuracy of competing models is assessed by comparing their predicted 

response with the actual response of a specific imaging sensor. If all imaging sensors would 

have the same shape for their spatial response and will differ only on the width of this response, 

then this methodology would be adequate, but the fact is that the spatial response has an infinite 

variety of shapes, some of them triangular or rectangular (Schowengerdt 2007, Section 3.4), 

which differ markedly from the Gaussian and Fermi functions usually assumed. 

 

The limitations of the current methodology are vividly illustrated by comparing the 

results of five key publications in which different imagers have been used to assess several 

analytic models of the spatial response, with the purpose of selecting the most accurate model 

(Smith 2006, Claxton and Stauton 2008, Li et al.  2009, Li et al. 2011, Peng et al. 2015).   The 

results indicate that the most accurate model of the spatial response is a Cauchy function (Smith 

2006), a generalized Gaussian function (Claxton and Stauton 2008), a Fermi function (Li et al.  

2009), a sine integral function (Li et al. 2011), and a Gaussian function (Peng et al. 2015). 

These five disparate contradictory conclusions are expected because in each case a different 

imager (and so a different actual spatial response shape) has been considered. 

 

Thus, there is a knowledge gap regarding the methodology that must be employed to 

assess the spatial response models of satellite imagers. Chapter 3 addresses this issue by 

developing a new methodology that considers the parameters that define the shape of the spatial 

response as independent variables. Thus, instead of assessing a model against a specific spatial 
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response, the model is assessed in a plane of possible imager designs, where each point in this 

plane represents a different spatial response. 

 

To illustrate the application of this new methodology, the popular Separable PSF model 

was assessed, showing that it is only valid for Q ≤ 0.35. Thus, this model works well for the 

early satellite imagers that had Q << 1 but fails for most of the satellite imagers currently in 

orbit which have Q > 0.35. This finding generated the following knowledge gap.  

 

1.3.1.3.   Spatial response measurements 

 

The Separable PSF model is used to estimate the two-dimensional spatial response of 

satellite sensors by measuring two one-dimensional spatial responses, generated at two straight 

edges orientated at perpendicular directions in the image. In Chapter 3 it was demonstrated that 

this two-edge model is valid only for Q ≤ 0.35, thus the need was generated to provide a new 

model that is valid for Q > 0.35. 

 

A new model to estimate the spatial response of satellite imagers by measuring three 

edges is developed and assessed in Chapter 4, using the same assessment methodology 

developed in Chapter 3. The new three-edge model is applicable for Q > 0.35 so it closes the 

gap regarding the estimation of the two-dimensional spatial response from edge measurements. 

  

1.3.1.4.   Application of spatial response knowledge to image restoration 

 

Once the imager’s spatial response has been found, this knowledge can be applied in 

several techniques that improve or exploit the image product. For example: calibration (Du and 

Voss 2004), image fusion (Zhou et al. 2020), super resolution (Lv et al. 2017), and restoration 

(Ngo et al. 2021).  

 

Restoration is an attempt to approximate an actual image to the ideal image. The usual 

technique to restore an image is to deconvolve it with a kernel derived from the imager’s PSF 

(Gonzalez and Woods 2017), although it has been demonstrated that this is not the optimum 

kernel, as deconvolution with a kernel derived from a shrunk version of this later PSF gives 

the best results (Huang et al. 2002). 

 

The procedure to find the optimum PSF shrink factor kernel for restoration is quite 

involved because it requires suitable satellite images acquired by an auxiliary imager which 

has a GSD much smaller than the GSD of the images that will be restored. Moreover, the GSD 

of the images to be restored must be an integer multiple of the GSD of the auxiliary imager. 

 

The difficulties of the current procedure to find the optimum PSF shrink factor for 

restoration, have precluded its application and consequentially the remote sensing community 

has overlooked the existence of an optimum restoration kernel. 

 

Chapter 5 proposes a new simpler procedure to find the optimum restoration kernel., by 

using synthetic edge images. The new procedure is validated by showing that it gives the same 

results as the current procedure. 
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1.3.2. Aim 

 

 The aim of this research is to advance the knowledge regarding the assessment of the 

spatial response of satellite imagers, by developing the following four innovations: (1) a metric 

to gauge spatial resolution distance, (2) a method to assess spatial response models, (3) a model 

to estimate spatial response from edge measurements, and (4) a procedure to use spatial 

response knowledge to improve image processing algorithms. 

 

1.3.3. Research Questions 

 

To address the knowledge gaps identified in section 1.3.1, the following research 

questions have been formulated: 

 

RQ1: How can we assess and improve current spatial resolution metrics for satellite 

imagers?  

 

The remote sensing community uses spatial resolution metrics that are easy to compute 

but that are either incorrect or biased. The aim in addressing this question is to develop a new 

metric that provides a comprehensive definition of spatial resolution distance and that allows a 

quantitative assessment of the deficiencies and biases of current metrics. 

 

RQ2: How can we assess current spatial response models for satellite imagers?  

 

The current methodology to assess spatial response models is biased because it uses as a 

benchmark a specific sensor with given spatial response. The limitation of this approach is that 

the models’ assessment is only applicable to a specific spatial response. The aim in addressing 

this question is to develop a new methodology that uses the optical design parameters which 

define the spatial response as independent variables, so the assessment is applicable to a wide 

variety of spatial responses.   

 

The new methodology is used to assess the two-edge Separable PSF model that estimates 

the two-dimensional spatial response of a satellite image by measuring the one-dimensional 

spatial responses along two perpendicular edges. It is shown that this model is only applicable 

to low optical factors and that it gives wrong results for the higher optical factors representative 

of most types of current satellite images. 

 

RQ3: How can we improve current spatial response models derived from edge 

measurements?  

 

The usual model to estimate the spatial response of satellite imagers from edge 

measurements, is the Separable PSF model which uses two perpendicular edges. In RQ2 it is 

shown that the Separable PSF model is only applicable to low optical factors and that it gives 

wrong results for higher optical factors.  

 

The aim of RQ3 is to develop a new spatial response model that uses three edges, and 

that is applicable to the higher optical factors not covered by the Separable PSF model. This 
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new three-edge model is assessed with the same methodology developed on RQ2, showing that 

it complements the two-edge model, so that both models altogether allow the estimation of the 

spatial response through edge measurements for all optical factors. 

 

RQ4: How can we exploit our knowledge on the spatial response of satellite imagers to 

upgrade current image processing algorithms? 

 

Image processing algorithms assume an ideal image in which the DN measured by a 

pixel, is only due to the radiance originating in the ground area represented by this pixel. In an 

actual satellite image, the DN is also due to the radiance originating in the surrounding ground 

areas represented by adjacent pixels. This adjacency effect generates errors in image processing 

algorithms which characterize the ground surface in a per pixel basis. These errors can be 

reduced by “restoration”, an image processing technique that approximates the actual image to 

the ideal image (Huang et al. 2002). 

 

The usual restoration technique deconvolves the raw image with a deconvolution kernel 

defined by the sensor’s spatial response. It has been shown that this usual kernel is not optimum 

and an empirical method to find the optimum kernel has been proposed (Huang et al. 2002). 

This empirical method is cumbersome and has several drawbacks that have inhibited its 

application. 

 

The aim in addressing this question is to develop a new simpler method to find the 

optimum kernel by using synthetic edge images. This new method is validated by showing that 

its predictions agree with the results of a previous empirical method. The new method is more 

accurate and simpler to apply than this empirical method, opening new research paths on 

satellite image restoration. 

 

1.4.   Thesis Structure 

 

This thesis has five research chapters numbered as Chapter 2 to Chapter 6. Chapters 2, 

3, 4 and 5 provide the corresponding answers to the four research questions presented in this 

Chapter. Chapter 6 applies the metric developed in Chapter 2 to some cases of practical interest. 

 

The structure of the thesis is by publication, so chapters 2, 3, 4, 5 and 6 are  reformatted 

copies of technical papers which have been published in peer-reviewed journals  . To integrate 

these five papers as chapters of this thesis, they have been  reformatted in the numbering of the 

sections, tables, and figures, and in the referencing style to match the one used in this thesis. 

  

Chapter 2 presents an upgraded taxonomy of spatial resolution metrics and develops from 

first principles the Spatial Resolution Function, a new metric that computes the spatial 

resolution distance as a function the image’s resolving contrast, allowing all current spatial 

resolution metrics to be assessed under an unbiased framework.  

 

Chapter 3 develops a new method to assess spatial response models and applies this 

method to assess the Separable Point Spread Function model, showing that is only valid for 

low optical factors. 
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Chapter 4 develops a new model to estimate the spatial response from edge 

measurements and assesses this model using the same method developed in Chapter 3, showing 

that the new model is valid for those optical factors for which the Separable Point Spread 

Function model fails. 

 

Chapter 5 develops a new procedure to find the optimum restoration kernel for satellite 

imagers by using synthetic edge images, showing that this synthetic image procedure gives the 

same results as the more complex procedure that uses actual satellite images.  

 

Chapter 6 computes the Spatial Resolution Function of two specific remote sensing 

satellites under different conditions, presenting three original contributions: (1) an empirical 

procedure to estimate the spatial response from sensor parameters and spatial response 

measurements, (2) a metric to gauge the degradation of spatial resolution due to sensor 

imperfections, and (3) a quantitative analysis of the instability of the spatial response of 

imaging sensors on board CubeSat satellites. 

 

Chapter 7 opens with a summary and synthesis of the outcomes of the thesis in the context 

of the research questions formulated. It then outlines some additional applications of the 

outcomes that are included in the appendices. Finally, it discusses some limitations of the 

methodology employed and sketches some options for future research. 
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2.1.    Introduction 

Spatial resolution is one of the key properties of satellite imagers because it determines 

the smallest object or feature in the real world that can be captured within the resultant two-

dimensional image and, therefore, the corresponding applications for which this product is 

suitable. Despite the fundamental importance of spatial resolution, confusions surrounding its 

definition and assessment for satellite imagers have been a recurring topic of concern during 

the last five decades.  

This confusion is first documented with the advent of digital images on Earth observation 

satellites.  “Throughout the history of imagery the concept of resolution has been poorly defined, 

misused, and confused. Recently raster (sample data) systems have added further confusion. 

Accordingly, a closer look at the concept of resolution is in order” (NASA1  1973, 104).  

Decades later, the issue remains with Schowengerdt  (2007, 76) stating “No property of images 

is more widely quoted, and simultaneously misused, than resolution. It is a term that conveys a 

strong intuitive meaning, but is difficult to define quantitatively.” and more recently with other 

authors including Thomson (2009), Joseph (2015) and Verhoeven (2018), raising similar 

concerns.   

The main source of confusion regarding spatial resolution is the lack of consensus on 

which criterion should be used to define it, and once this criterion is settled, which metric 

should then be employed to compute it. In this study, my literature survey shows that several 

criteria have been defined and more than thirty metrics have been proposed for satellite imagers.   

 

Agreement on the defining parameters for spatial resolution is needed, as the use of 

satellite imagery and its integration with other data sources becomes ubiquitous in remote 

sensing applications across disciplines. If a biased metric is used to select an imager with the 

best spatial resolution for a certain application, a wrong decision can be taken.   

 

One of the most popular criteria for digital imagers identifies spatial resolution with pixel 

size, regardless of image quality. The associated metric for satellite imagers is the popular 

Ground Sampling Distance (GSD), computed as the geometrical projection of a pixel’s width 

on the ground plane (Fiete 1999, Schowengerdt 2007, Verhoeven 2018).   

The GSD is equal to the resolution distance for an ideal pixel which represents only the 

radiance collected from an area on the Earth’s surface that corresponds to its geometrical 

projection. Some satellite imagers approximately fulfil this ideal pixel requirement, but on most 

imagers the actual pixel also collects radiance from surrounding areas represented by adjacent 

pixels, in this later case the spatial resolution distance is larger than the GSD. 

The ideal pixel assumption can lead to several types of errors, for example: 

1. Errors in land cover characterization were assessed to be 11 % (Townshend et al. 2000).  

2. Errors in fire brightness temperature were estimated at 20 K (Calle et al. 2009).  

3. The actual resolution distance of a sensor was valued as twice its GSD (Just 2000). 

 Although the fundamental limitations of the GSD as a resolution metric are well known 

(Townshend 1981, Fisher 1997, Cracknell 1998, Townshend et al 2000, Thomson 2010, 

 
1 Abbreviations used in this paper are defined at the end of this chapter in page 58. 
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Valenzuela and Reyes 2019a), this simple parameter is usually identified with spatial resolution, 

due to its simplicity and the lack of consensus on which one of the tens of alternative metrics 

available should be used to replace it. Each metric predicts a different resolution distance, for 

example, the “radiometrically accurate” metric (Joseph 2000, 10) predicts resolution distances 

roughly twenty times larger than the GSD (Joseph 2015).   

Another common approach to spatial resolution is the two-point source criterion, which 

defines resolution as the smallest distance between two-point sources in the scene that allows 

them to be detected as two separate objects in the image (Goodman 1996, Boreman 2001, 

Reulke et al. 2006, Fiete 2010, Cremer 2012).   

The two-point sources are considered to be resolved in the image when a certain 

minimum amplitude dip or contrast is achieved between them, as illustrated in Figure 2.1.c. 

This criterion has been used to compute (Jahn and Reulke 2000) and measure (Conran et al. 

2021) the resolution distance of satellite imagers and remains a popular approach to provide a 

more general definition of spatial resolution beyond the basic pixel size criterion.  

While the two-point source criterion is generally accepted, it is somewhat ambiguous 

because it does not specify the minimum resolving contrast that must be achieved to declare 

resolution.  

For the case of spatial resolution metrics that consider only an ideal optical aperture, 

different contrast requirements lead to dissimilar metrics, which diverge up to a factor of 2.5 

in the computation of resolution distance (Chesley et al. 1999, Fiete 2010).  

In response to this divergence, image resolution was defined as the distance between two-

point sources for which a certain contrast is achieved in the image, computing this contrast for 

an ideal optical aperture as a function of the separation distance between sources, noting that 

some metrics are particular points along this contrast function (Stelzer 1998).  

For satellite imagers, it was noted that is not possible to characterize spatial resolution 

by a single parameter (Joseph 2015) and that a comprehensive study of resolution should 

consider the computation of resolution distance as a function of contrast (Valenzuela and Reyes 

2019a).  

Following these lines of thought, this work develops a general metric called “Spatial 

Resolution Function”, based on the two-point source criterion, computing the spatial resolution 

distance as a function of the contrast achieved in the image plane. 

The Spatial Resolution Function is defined in a such a way that it is equal to the GSD 

when the pixel size is the only relevant spatial resolution factor, showing that the pixel size 

criterion is a particular case of the two-point source criterion.    

The Spatial Resolution Function computes resolution distance for any type of satellite 

imager, using as input the imaging system’s pre-sampled spatial response to a single point 

source. A property of this same response is used as spatial resolution criterion for the most 

common alternative metrics to the GSD, herein called “Spatial Response” metrics.  

 

To compute the Spatial Resolution Function, the sampled image equation (Park et al. 

1984) is applied to the case of two-point sources in the scene, computing the contrast in the 
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image plane for a wide range of given separation distances. The results of this computation 

illustrate that resolution distance is a function of the contrast in the sampled image rather than 

a single distance as usually assumed by Spatial Response metrics. These results also show that 

these later metrics are biased, giving erroneous predictions when used to compare different 

types of satellite imagers. 

 

The computation of the Spatial Resolution Function requires the same input data used 

by Spatial Response metrics, thus rendering them obsolete, generating a paradigm shift in the 

assessment of the spatial resolution for satellite imagers.  

 

2.2.  Background 

 

2.2.1. Spatial resolution concepts 

Since the onset of satellite imagers, the assessment of their spatial resolution has been a 

regular research subject (NASA 1973, Townshend 1981, Wang and Li 1999, Thomson 2009, 

Valenzuela and Reyes 2019a, Stankevich 2021). Beyond pixel size, there is consensus that this 

matter is related to the spatial response of the sensor, quantified either in the spatial domain, 

by its system Point Spread Function (PSF), or in the frequency domain, by its system Optical 

Transfer Function (OTF).  

The computations of OTF and PSF are mature subjects (Boreman 2001, Cota et al. 2010, 

Fiete and Paul 2014), but once these functions are known, there remains no consensus on how 

to compute spatial resolution.  

This lack of consensus has led to the predominance of the GSD metric, a simple 

geometrical concept that is easy to grasp, compute and measure. A plethora of alternative 

metrics have been defined, but none of them has achieved the popularity of the GSD 

(Townshend 1981, Joseph 2000, Thomson 2009, Valenzuela and Reyes 2019a, Stankevich 

2021). 

When the GSD is identified with spatial resolution, it is tacitly assumed that the sensor 

is an ideal detector, so each pixel in the image plane represents only the area on the Earth’s 

surface that corresponds to its geometrical projection.  

The fragility of this later assumption was highlighted during the late 1990’s in three key 

works with attention-grabbing titles, which noted that a pixel collects radiance not only from 

the area defined by its projection on the Earth’s surface, but also from surrounding areas 

represented by adjacent pixels, introducing the concepts of PSF and OTF to quantify this 

adjacency effect (Fisher 1997, Cracknell 1998, Townshend et al. 2000).  

Later, the “fundamental flaw” (Thomson 2010, 42) of the GSD as a spatial resolution 

metric was illustrated for satellite and airborne sensors in which resolution is limited by the 

spatial response of the optics.    

Spatial resolution is usually defined as the smallest distance between two-point sources 

in the scene that allows them to be detected as separate objects in the image (Goodman 1996, 

Boreman 2001, Reulke et al. 2006, Fiete 2010, Cremer 2012).  
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Point sources are typically more amenable to a rigorous theoretical treatment than areal 

objects such as circles (Helstrom 1969) or bars (Boreman and Yang 1995). In practice, point 

sources provide good models for high-radiance objects that subtend an angle much smaller than 

the one subtended by the GSD; for example, distant stars used for satellite calibration (Greslou 

et al. 2012), convex mirrors that simulate ground based point sources to measure the PSF of 

satellite imagers (Helder et al. 2005), and small fires detected from geostationary orbits (Engel 

et al. 2021).  

The new Point Pair Resolution Technique (Conran et al 2021) has further extended the 

use of convex mirrors to measure the spatial resolution of satellite imagers, successfully 

verifying the contrast predictions of two-point source metrics against in-orbit PSF 

measurements. Thus, a theory of spatial resolution based on two-point sources has direct 

practical utility and can be experimentally verified. 

Figure 2.1 illustrates the concepts of PSF, spatial resolution and resolving contrast, 

depicting in one dimension the PSF and the spatial resolution of two-point sources in the image 

plane. Three cases are shown: a) Response to single point source in the scene whose 

geometrical projection is located at the centre of a pixel. b) Combined response to two-point 

sources in the scene whose geometrical projections are separated at a distance of one pixel 

width and located at the edges of a pixel. c) Combined response to two-point sources in the 

scene whose geometrical projections are separated at a distance of two pixels widths and 

located at the centres of two pixels.   

 
 

 

 

 

 

 

Figure 2.1.a illustrates the adjacency effect of the PSF, by showing that a single point 

source generates not only a strong signal in the pixel where its projection is located, but also 

lower signals in four adjacent pixels. 

 

Figure 2.1.b illustrates the case of two-point sources separated at a relatively small 

distance, which cannot be resolved as there is no resolving dip in the image. The two-point 

source criterion states that in this case the two sources are unresolved, regardless of the 

resolution metric. 

 Figure 2.1: Image plane response to point sources. The figures show in one dimension the response in the 

image plane to: a) Single point source located at the centre of a pixel. b) Two-point sources located 

symmetrically with respect to the later centre, separated at a distance of one pixel. c) Two-point sources located 

symmetrically with respect to the later centre, separated at a distance of two pixels. Vertical axes represent the 

intensity of the responses normalized to a maximum value of 1 and horizontal axes represent distance measured 

in pixels. The positions of the geometrical projection of the point sources on the image plane are represented by 

arrows. 
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Figure 2.1.c illustrates the case of two-point sources separated at a relatively large 

distance, which can be resolved as there is a small resolving dip between the two sources in the 

image. The two-point source criterion states that in this case the two sources can be declared 

resolved or unresolved, depending on the minimum resolving contrast specified by the 

resolution metric used to implement this criterion. 

 

With relation to Figure 2.1.c, let Imin be the value of the combined response at its centre 

and Imax the maximum value at each side. Resolving contrast is defined as C = (Imax - Imin)/Imax 

(Stelzer 1998, Reulke et al 2006). C ranges from 0 (minimum contrast) to 1 (maximum 

contrast).     

 

The two sources are considered resolved when contrast reaches a minimum value or 

threshold Cmin ≥ 0. This threshold is a characteristic of the two-point source resolution metric, 

for example, the generalized Sparrow limit metric requires that the central pixel has the same 

signal as the adjacent pixels (Imax = Imin), that is, Cmin = 0, whereas the generalized Rayleigh 

criterion metric requires Cmin = 0.265. 

 

In Figure 2.1.c, Imax= 1, Imin= 0.84 and C = 0.16. Thus, case 2.1.c is declared resolved  

according to Sparrow metric (0.16 > Cmin = 0) and unresolved according to Rayleigh metric 

(0.16 < Cmin = 0.265 ). Case 2.1.b (no contrast) is declared unresolved regardless of the metric. 

 

The disparate conclusions of the two metrics applied to Figure 2.1.c show that spatial 

resolution cannot be dissociated from contrast (Stelzer 1998); different contrast thresholds lead 

to different resolution metrics (Fiete 2010, Verhoeven 2019). 

 

In practice the choice of threshold is conditioned by the Signal to Noise Ratio (SNR), as 

to detect the central dip its amplitude must be higher than signal fluctuations due to noise, so 

the higher the noise the higher the useful threshold (Steltzer 1998).  

 

For example, if in Figure 2.1.c, SNR = 5, then signal amplitudes will mostly fluctuate in 

a range Imax = 1 ± 0.2 and Imin= 0.84 ± 0.17, so the resolving dip may be lost in noise when         

Imax <  Imin.  

 

Sparrow limit defines the minimum theoretical spatial resolution distance without 

considering noise limitations, but actual images are noisy so in practice a threshold Cmin > 0 

will always be required. An estimate of this threshold is presented at section 2.3.2.3. 

 

2.2.2. A taxonomy for spatial resolution metrics 

A taxonomy that classifies spatial resolution metrics into one of three types according to 

the criterion used to define spatial resolution is proposed, offering a comprehensive view of the 

metrics that have been applied to satellite imagers.   

This taxonomy is based on a three-type taxonomy of optical instruments (Ramsay et al 

1941) which was adapted to consider satellite imagers (Valenzuela and Reyes 2019a).  As a 
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result of our literature review on spatial resolution metrics for satellite imagers, this later 

taxonomy was further developed by defining subtypes under each type, extending it to include 

the imager’s response in the spatial frequency domain and empirical metrics.  

With these developments the new taxonomy was able to encompass most resolution 

metrics encountered in our review, classifying them under one of three types of resolution 

criteria which were given new self-explanatory titles (previously A, B and C types). This new 

taxonomy is illustrated in Figure 2.2.  

 
 

 

 

 

 

To describe the spatial resolution distance predicted by different metrics, instead of 

specifying the resolution distance measured in the ground plane, which is a function of the 

satellite height and the off nadir view angle, it is more convenient to specify the angular 

resolution α measured at the imager.  

The nadir-looking resolution distance measured in the ground plane is α·H, where H is 

the satellite height. 

2.2.2.1. Theoretic metrics  

Theoretic metrics assume that spatial resolution is a single value computed as a function 

of imager parameters. These metrics are divided into Detector, Optics, and System metrics, 

when their parameters describe the detector, the optics or both, respectively.  

 Figure 2.2: Taxonomy of spatial resolution metrics for satellite imagers. This taxonomy is based on a 

previous classification for optical systems (Ramsay et al. 1941) adapted to include current satellite metrics. 

The three types of metrics differ in their criterion to define spatial resolution as follows. “Theoretic”:  A 

single value function of imager parameters. “Spatial Response”: A single value obtained as a property of 

the imager’s spatial response to a single source. “Two-Point Source”: Either a single value or a function, 

computed in terms of the contrast achieved in the image plane when imaging two closely spaced point 

sources. 
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Assuming square pixels and a circular optical aperture, usual parameters include pixel 

pitch p, focal length f, aperture diameter D and mean wavelength λ.  

Detector metrics predict spatial resolution in terms of pixel pitch and focal length. The 

GSD is the most common Detector metric, it assumes α = IFOV = p/f , where IFOV stands for 

Instantaneous Field Of View (Fiete 1999).  

A variation of this metric replaces the physical pixel pitch p along scan direction with 

an equivalent pitch peff (Cota et al 2010) to consider over-sampling or under-sampling (Fiete 

and Tantalo 1999).  

Other Detector metrics acknowledge that pixel size underestimates resolution distance, 

so they assume instead α = 2·IFOV (Lomheim and Kalman1992, Lillesand et al 2015) or             

α = 3·IFOV (Verhoeven 2018). Detector metrics are summarized in Table 2.1.  

Table 2.1: Detector metrics. These Theoretic metrics compute spatial resolution in terms of the ratio 

between pixel pitch p and focal length f. 

Detector metrics Angular resolution α References 

GSD p/f Fiete 1999 

Effective GSD peff/f Cota et al. 2010 

Twice GSD 2·p/f Lomheim and Kalman1992, Lillesand et al. 2015 

Triple GSD 3·p/f Verhoeven 2018 

 

Optics metrics assume that spatial resolution is directly proportional to the ratio 

between mean wavelength and the diameter of the optical aperture. The constant of 

proportionality K follows from the application of two-point resolution criteria to ideal circular 

apertures, defining resolution as α = K·(λ/D). Each metric is characterized by the contrast C of 

the combined response (Fiete 2010, Verhoeven 2019). Table 2.2 presents some Optics metrics 

used for satellite imagers. 

Table 2.2: Optics metrics. These Theoretic metrics compute the spatial resolution of sensors 

comprising a single optical aperture. The angular resolution is α = K· λ /D, where K is a constant, 

D is the aperture diameter and λ is the mean wavelength. C is the contrast achieved in the combined 

response when the two-point sources are separated at an angle α. 

 

 

Optics metrics K C References 

Sparrow limit, Sparrow criterion 0.947 0.000 Fiete 2010, Verhoeven 2019 

Ground Spot Size, Abbe criterion 1.000 0.017 Fiete 1999, Verhoeven 2019 

FWHM, Houston criterion 1.029 0.038 Auelmann 2012, Verhoeven 2019 

Rayleigh criterion 1.220 0.265 Townshend 1981, Light 2004 

Schade (and Sendall) criterion 1.854 0.830 Light 2004, Holts 2007 

Schuster criterion, Airy disk diameter 2.439 1.000 Den Dekker and Van den Bos 1997, 

Chesley et al. 1999 
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    System metrics combine detector and optics metrics. The angular resolution can be 

written as a function of the imager’s optical factor Q = (λ/D)·(f /p) (Fiete 2010), so that when 

Q → 0 (infinitely large aperture) resolution is described by a Detector metric and when Q →∞ 

(infinitely small pixels) it is described by an Optics metric.  

We found that five System metrics in the literature are particular cases of the general 

equation α = IFOV·[1 + (K·Q)k ]1/k , where K and k are numerical constants. This equation is a 

generalization of an equation with K = 1 (Auelmann 2012). If Q → 0 then α = IFOV and if        

Q → ∞ then α = K·(λ/D). System metrics are shown in Table 2.3.  

 

Table 2.3: System metrics. These Theoretic metrics assume that the 

angular resolution of the imaging sensors is α = IFOV·[1 + (K·Q)k ]1/k, 

where K and k are constants, IFOV is the detector’s instantaneous field 

of view and Q is the imager’s optical factor. 
                          

  

Auelmann (2012) studied three System metrics with K=1: Fuji model (k = 1), Kodak 

model (k = 2) and his new metric (k = 1.35) based on the General Image Quality Equation 

(GIQE) (Leachtenauer et al. 1997). He showed that his metric correlated better with GIQE 

predictions and used it to compute resolution for eight satellite imagers (Auelmann 2012).   

 

Holts proposed two System metrics with k = 2. His “Composite” metric (Holts 2000) 

uses Schuster criterion (Table 2.2) as Optics metric whereas his “Equivalent” metric (Holts 

2007) uses Schade criterion (Table 2.2). The Equivalent metric has an additional display 

term, which was not included in Table 2.3 to assimilate it to the other System metrics.   

 

2.2.2.2.  Spatial Response metrics  

 

Spatial Response metrics are based on a property of the actual spatial response of the 

imaging sensor to a single point source. This response is characterized by the system PSF or 

by its Fourier transform, the system OTF. Some examples of system PSF are shown in Figure 

2.3. 

 

Although in-orbit system PSF can be directly measured by an array of convex mirrors 

(Helder et al. 2005), due to SNR considerations and target availability, the most common 

procedure to measure the spatial response of satellite imagers is the edge method, in which the 

one-dimensional Line Spread Function (LSF) and a one-dimensional cut of the system OTF, 

System metric K k References 

Fuji model 1.000 1.00  Auelmann 2012 

GIQE based “truth” model 1.000 1.35 Auelmann 2012 

Kodak model 1.000 2.00 Auelmann 2012 

Composite resolution 2.440 2.00 Holts 2000 

Equivalent system resolution 1.854 2.00 Holts 2007 
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are measured in a direction perpendicular to the edge (Helder et al. 2005, Viallefont-Robinet et 

al. 2018).  

 

The LSF is the line integral of the PSF along a certain direction, so if the LSF is known 

in several directions the system PSF can be found (Marchand 1965, Reichenbach et al. 1991).   

 

Spatial Response metrics are divided into: PSF metrics, based on the pre-sampled system 

PSF; OTF metrics, based on the pre-sampled system OTF; and Empirical metrics, based on the 

analysis of an actual image. PSF and OTF metrics are further divided into Point metrics, based 

on a single value of these functions, and Integral metrics, based on an integral of these functions. 

 

Most common PSF Point metrics are the Full Widths at Half Maximum (FWHM) and at 

Tenth Maximum (FWTM) of the pre-sampled system PSF. 

 

After the GSD, the most popular resolution metric for satellite imagers is the FWHM of 

the pre-sampled system PSF or LSF (Salomonson et al. 1998, Ryan et al. 2003, Kerekes 2009, 

Pagnutti et al. 2010, Campagnolo and Montano 2014). Half of the FWHM has also been used 

as resolution metric (Jacobsen 2011). 

 

In medical imaging the FWTM of system PSF or LSF is used as a metric together with 

the FWHM (Wang and Li 1999, Bugby et al. 2016). FWTM metric has also been proposed for 

satellite imagers, as an alternative to the FWHM when the sidelobe level of the LSF is of the 

order of half its peak response (Valenzuela and Reyes 2019a).   

 

PSF Point metrics define resolution considering a single point of the PSF or LSF. PSF 

Integral metrics consider instead a range of the PSF or LSF. An LSF Integral metric used for a 

geostationary imager, defined the in-orbit “IFOV size” as the angular sector containing half the 

total integrated LSF (Okuyama et al. 2015).  

 

Other Integral PSF metrics, infrequent for satellite imagers, are the standard deviation of 

the PSF (Wang and Li 1999) and the “Encircled Energy Diameter” of the PSF (McLean 2008, 

Mori et al. 2018) which is popular in astronomy. 

 

MTF metrics are based on the Modulation Transfer Function (MTF) defined as the 

absolute value of the OTF. MTF(ξ) curves represent a one-dimensional cut of MTF versus 

spatial frequency ξ, measured in cycles per unit of distance, along a certain direction.  

 

MTF curves are usually monotonic, starting from unit value at zero frequency;          

MTF(ξ=0) = 1, and decreasing steadily with increasing frequency; MTF(ξ→∞) = 0. 

 

MTF Point metrics define resolution in terms of the limiting spatial frequency ξmax at 

which a minimum useful MTF value or threshold is obtained; MTFmin = MTF(ξ= ξmax). There 

is no consensus on this threshold; as shown in Table 2.4 its values range between 0.05 and 0.95. 
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Table 2.4: Modulation Transfer Function (MTF) Point metrics. These metrics are based on fixed 

threshold values MTFmin for the system MTF. The limiting spatial frequency at which the system 

MTF achieves the threshold value is ξmax so MTFmin = MTF(ξ= ξmax). Angular resolution is 

proportional to the cycle 1/ξmax of the limiting spatial frequency.   

 

 

 

 

 

 

 

 

 

 

 

 

“Intersection Threshold” MTF Point metrics, define resolution at the spatial frequency 

ξmax where the system MTF curve intersects a threshold function that predicts MTFmin versus 

spatial frequency, considering SNR (Lomheim and Kalman 1992, Boreman 2001). These 

metrics are uncommon because the threshold function is usually unknown. 

 

Two dissimilar approaches are used by MTF metrics to compute angular resolution in 

terms of the spatial frequency cycle 1/ξmax. First approach assumes α = 1/(f·ξmax) considering 

full cycle, while second approach assumes α = 1/(2·f·ξmax) using half cycle. Full cycle is used 

for MTFmin ≤ 0.3 (Lomheim and Kalman 1992, Stankevich 2021) while half cycle is used for 

MTFmin ≥ 0.5 (Park et al. 1984, Markham 1985).   

 

Two MTF Integral metrics used for satellite imagers are Schade’s Equivalent Passband 

(SEP) and the Relative Edge Response (RER). The SEP metric along a given spatial direction 

is (Torshina and Yakushenkov 2015): 

 

α =
1

2 · 𝑓 · ∫  𝑀𝑇𝐹2(
∞

0
ξ) · 𝑑ξ

  

 

The RER is the slope of the normalized edge response along a given spatial direction 

(Fiete 2010). Analytically, it has the following integral form (Fiete 2010): 

 

           𝑅𝐸𝑅 = 2 · ∫ [
𝑠𝑖𝑛(πξ)

πξ
] · 𝑂𝑇𝐹(ξ)

∞

0
· 𝑑ξ    

 

Based on version 3 of the GIQE, the angular resolution associated to the RER has been 

defined as α = IFOV/RER (Auelmann 2012).  

     

Denomination or features of MTF threshold MTFmin References 

Rule of thumb for minimum useful MTF value 0.05 Maidment 2014 

Empirical design threshold for Pleiades satellite  0.07 Rosak et al. 2004 

Value associated to Rayleigh resolution criterion 0.09 Cremer 2012 

Rule of thumb for typical MTF threshold value 0.10 Koretsky et al. 2013 

Lower end of MTF range for some satellite imagers  0.15 Stankevich 2021 

Higher end of MTF range for some satellite imagers 0.30 Stankevich 2021 

Effective IFOV (EIFOV) spatial resolution metric  0.50 Markham 1985 

Radiometrically accurate IFOV (RAIFOV) metric 0.95 Joseph 2015 
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Empirical metrics identify resolution with the size of the smallest elements that can be 

distinguished or resolved in actual images, without computing the system PSF or OTF. They 

are classified under Spatial Response metrics only for convenience.  

 

A variety of targets are used to implement Empirical metrics, one of the most common 

being arrays of bars, as the ones used in the popular USAF 1951 test chart (Orych 2015). In 

this chart the distance between bars is equal to their width w so the element’s width is W = 2·w. 

Angular resolution is computed as α = Wmin/f  where Wmin is the width (full cycle) of the smallest 

element resolved.  

 

To declare an element resolved, Campbell and Wynne (2011) require bars to be 

“completely separated along their entire length” (p. 289) whereas Silverfast (2024) requires 

that space between bars is “barely still detectable”. Thus, the lack of consensus on the minimum 

contrast to declare resolution is also present in Empirical metrics. 

 

The “true GSD” (Thomson 2010, 44) is an Empirical metric defined as the average size 

of the smallest observable patches in a suitable image, found by examining with microscopy 

an enlarged hard copy (Thomson 2009). 

 

2.2.2.3.   Two-Point Source metrics  

Spatial Response metrics base their prediction on the response to a single point source, 

so they do not quantify the contrast achieved when two-point sources are separated at the 

predicted resolution distance.  

Two-Point Source metrics fill this gap by computing the response to two-point sources 

separated at a given distance to find the corresponding resolving contrast.  

These later metrics are classified into Single Value metrics, which compute the separation 

distance required to achieve a given contrast, and Contrast Function metrics, which compute 

resolution distance as a function of contrast.  

Single Value metrics define resolution as the distance between sources which allows a 

given contrast to be achieved. These metrics generalize the classical two-point source criteria, 

only applicable to ideal apertures, to any type of imaging sensor (Ramsay et al. 1941, Den 

Dekker and Van den Bos 1997).  

 

Jahn and Reulke (2000) used a Single Value metric to compute the spatial resolution of 

staggered line arrays detectors for spaceborne and airborne imagers. To compute the sampled 

response, they integrated the pre-sampled optics response to two-point sources over each pixel, 

and then found the resolution distance using the generalized Rayleigh criterion. Their results 

predicted that staggered arrays had twice better (smaller) resolution than conventional arrays 

and their laboratory tests ratified these predictions. 
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Stelzer (1998) computed contrast as a function of separation between two-point sources, 

emphasizing the futility of computing resolution independently of contrast and illustrating the 

degradations of contrast and resolution by noise and “pixelation”.  

 

Within the context of satellite imagers, Valenzuela and Reyes (2019a) defined the 

Resolution Function and emphasized the advantages of Two-Point Source metrics over 

Theoretic and Spatial Response metrics.  

 

Conran et al. 2021 provided an empirical foundation for Two-Point Source metrics by 

using convex mirrors to simulate point sources for satellite imagers. They performed in-orbit 

along scan and cross scan measurements of image contrast, using two-point-sources separated 

at distances between 1 and 2 pixels. They successfully compared these empirical results with 

contrasts predicted by simulated images based on previous PSF knowledge. 

   

2.3. Materials and Methods 

In this section we describe procedures to compute the Spatial Resolution Function and to 

assess Theoretic and Spatial Response metrics against this function. 

The Spatial Resolution Function gives the distance at which two-point sources can be 

resolved as a function of the actual resolving contrast in the image plane. To compute this later 

function, the sampled image equation is applied to the case of two-point sources in the scene. 

To apply this equation, the system PSF is required, so section 2.3.1 reviews the image equation 

and the method to compute this PSF. 

The resolving contrast depends on the relative position or “phasing” between the two-

point sources in the scene and the pixels in the detector’s grid. A key element of the computation 

of the Spatial Resolution Function is the selection of the specific phasing condition that allows 

the GSD metric to be obtained as a limiting case.  

Section 2.3.2 specifies the “GSD limit” phasing condition, presents the procedure to 

compute the Spatial Resolution Function and proposes a method to compute the smallest 

practical resolution distance in the presence of noise.  

Once the Spatial Resolution Function is known, the metrics that describe spatial 

resolution as a single distance can be assessed. Section 2.3.3 describes this assessment 

procedure. 

 

2.3.1 Basic Equations 

 

2.3.1.1. Sampled image equation 

 

The following sampled image equation (Park et al. 1984) is used to translate the 

continuous distribution of scene radiance into a discrete representation of pixel intensities in 

the image plane: 

g(x,y) = [ f(x,y)⁕PSF(x,y)]·comb(x,y) 
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Where g(x,y) is the sampled raw image (before reconstruction), f(x,y) is the scene 

radiance, PSF(x,y) is the system pre-sampled PSF, the symbol ⁕ denotes two-dimensional 

convolution and comb(x,y) is the two-dimensional comb function. 

 

System PSF(x,y) is a pre-sampled (shift invariant) response, computed as the convolution 

between individuals PSFs of all the elements contributing to image formation; optics, detector, 

scanning and others (Choi and Helder 2005, Schowengerdt 2007, Fiete and Paul 2014).  

 

Alternatively, system PSF is computed as the inverse Fourier transform of the system 

OTF, which is equal to the product of the individual OTFs of these same elements (Markham 

1985, Boreman 2001, Fiete 2010, Cota et al. 2010).  

 

Although the imaging equation assumes point sampling through the comb(x,y) function 

(Wittenstein et al. 1982, Park et al. 1984, Fiete 2010), the sampled image g(x,y) is actually 

obtained by integral sampling, in which the “intermediate image” focused by the optics on the 

image plane is integrated over the pixel area (Wittenstein et al. 1982).  

 

This integration is mathematically equivalent to a convolution between the optics PSF 

and the detector PSF, followed by point sampling at a pixel centre (Schneider and Fink 1976, 

Wittenstein et al. 1982, Fiete 2010).  

 

This later equivalence may lead to confusion about the applicability of the imaging 

equation: Luca and Cardonne (1991) stated that it only considers point (“spot”) sampling 

whereas it can consider either integral or point sampling as long as the proper detector PSF is 

used to derive the system PSF.   

 

For a scene with only two identical point sources, the imaging equation predicts that the 

signal intensity at a pixel is obtained by sampling at its centre, the sum of the two correspondent 

system PSF (Fiete 2010). 

2.3.1.2.  System point spread function computation   

Comparisons between theoretical predictions and measurements of system PSF have 

given satisfactory results in the laboratory (Reichenbach et al. 1991) and in-orbit (Markham 

1985). Thus, a fair prediction of actual performance can be obtained by using a suitable 

theoretical model for the system PSF.  

 

This later model is peculiar to the specific type of imager being considered; we will 

assume a model considered representative of a generic satellite imager (Choi and Helder 2005, 

Fiete 2007). The following assumptions and procedure will be used to compute the system PSF 

of this model. 
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Assume a scanning imager with an unobstructed circular optical aperture of diameter D, 

focal length f, square pixels with pitch and width p (100 % fill factor) detecting monochromatic 

radiation at wavelength λ. This sensor is modelled as follows: 

 

1. Spatial frequencies 

 

ξx and ξy are spatial frequencies measured in cycles per unit of length, in Along Scan (AS) 

and Cross Scan (CS) directions, respectively. Normalized frequencies measured in cycles 

per pixel pitch are ηx = ξx/ξdc and ηy = ξy/ξdc, where ξdc = 1/p is the detector cut-off frequency.   

 

Optical cut-off frequency of a circular aperture is ξoc = D/(f·λ). Normalized radial frequency 

is defined as ρ = [√( ξx
2+ξy

2)]/ξoc = Q·√( ηx
2+ηy

2). For ρ > 1, system OTF = 0, so only the 

range 0 ≤ ρ ≤ 1 is considered.  

 

2. Optical factor  

Table 2.5 shows the range of optical factors computed from published data, for the channels 

of some Earth observation satellite imagers. When pixel pitch or focal length were not 

available, Q was estimated as (λ/D)·(H/GSD).  

Table 2.5: Range of Optical Factors for Satellite Imagers. For each imager shown, the optical factor Q is 

computed for all its imaging channels, presenting the minimum Q and maximum Q in the table. Abbreviations 

are defined at the end of this chapter. 

Satellite Imager  
Optical Factor Q 

References 
Minimum Maximum 

Sentinel 3 SLSTR 0.020 0.40 
Coppo et al. 2020                                    

Nieke and Mavrocordatos 2017  

MSG SEVIRI 0.024 0.50 Schmetz et al. 2002, Schmid 2000 

Sentinel 2 MSI 0.039 0.45 Sentinel-2 2024 

GOES 16, H-8 & GK-2 ABI, AHI & AMI 0.076 1.44 Geo-Kompsat-2 2022, NASA 2019 

Landsat 8 OLI & TIRS 0.077 0.78 Figoski et al. 2009, Reuter et al. 2015 

Pleiades PAN & MS 0.19 0.99 Pleiades 2024 

Pleiades Neo PAN & MS 0.24 1.42 Pleiades Neo 2024 

SpaceView 50  450 nm & 950 nm 0.90 1.90 SpaceView 2024 

 

These results indicate that a range 0.01 ≤ Q ≤ 2.0 is representative of Earth observation 

satellite imagers. For purposes of numerical validation, a computational range                     

0.001 ≤ Q ≤ 2.0 will be selected.  

 

3. Optics 

 

Circular aperture’s OTF is (Boreman 2001, Fiete and Paul 2014): 
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                         OTFaperture = (2/π)·[cos-1(ρ)-ρ·(1-ρ2)-1/2] 

 

A model that describes optical aberrations is (Fiete 2010): 

 

                OTFaberrations(ρ, WFE) = 1- (WFE/0.18)2·[1 - 4·(ρ-0.5)2]  

 

Where WFE is the Root Mean Square (RMS) value of the Wave Front Error measured in 

wavelengths. 

        

Line Of Sight (LOS) vibrations are modelled as (Fiete 2010): 

 

                          OTFjitter (ρ, σ) = exp[-2·(π·ρ·σ)2] 

 

Where σ is the jitter standard deviation measured in pixel widths. 

 

As ρ depends on Q, ηx and ηy:  

 

            OTFoptics (Q, ηx,  ηy, WFE, σ) = OTFaperture·OTFaberrations·OTFjitter 

 

For imaging sensors, WFE varies typically between 0.1 and 0.25, with values below 0.15 

considered as “nearly perfect” (Shannon 2010, 4.4). WFE = 0.1 is usually assumed as a 

representative value in image quality studies (Fiete and Tantalo 1999, Fiete 1999, Cota et al. 

2010). 

 

For satellite imagers, σ varies between 0.05 and 5 pixels (Ye et al. 2020).  For GOES 16’s 

imagers σ ≈ 1 µrad was calculated (Chapel et al. 2014), so we obtain σ ≈ 0.1 pixel for its 

channel with the smallest IFOV (NASA 2019). 

 

4. Detector 

 

“Pixel” OTF, usually called detector aperture OTF or detector footprint OTF, is (Fiete and 

Paul 2014):  

                            OTFpixel (ηx, ηy) = sinc(ηx)·sinc(ηy) 

 

With sinc(x) = [sin(π·x)]/(π·x). 

 

A model that predicts charge diffusion effects in imaging detectors is (Davis et al. 1998, 

Rafol et al. 2019): 

 

               OTFdiffusion(ρ , L) = 1/[1+(2·π·ρ·L)2]  

 

Where L is the effective diffusion length measured in pixel widths. 
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Thus: OTFdetector(Q, ηx, ηy, L) = OTFpixel·OTFdiffusion 

 

For five types of imaging detectors, ten measurements performed along vertical and 

horizontal directions yielded L ≈ 0.2 ± 0.1 pixels (Rafol et al. 2019). 

 

For Sentinel 4 imaging detectors, measurements at four wavelengths, showed that MTF at 

Nyquist frequency was 0.89 ± 0.02 times the MTF of a perfect detector (Reulke et al. 2017). 

Processing this result, we obtain L ≈ 0.11 ± 0.01 pixels.  

 

5. Scanning 

 

Assuming that the LOS moves one IFOV in x direction during integration time, scanning 

OTF is (Fiete and Paul 2014):  

 

                           OTFscanning(ηx) = sinc(ηx) 

 

This models Low Earth Orbit (LEO) push broom scanners and Geostationary Orbit raster 

scanners. It also approximately models LEO whiskbroom scanners whose LOS speed along 

track is much slower than its LOS speed along scan.   

  

6. System Functions 

 

System OTF is: 

 

  OTF(Q, ηx, ηy, WFE, σ, L) = OTFoptics·OTFdetector·OTFscanning 

 

To compute system OTF, ηx and ηy  are varied with intervals δη = FS/NS where FS is the 

sampling frequency in cycles per pixel and NS is the number of samples, in x and y directions, 

used to compute the inverse fast Fourier transform.  

 

System PSF is the two-dimensional Inverse Fourier Transform (IFT) of system OTF: 

 

                      PSF(x,y) = IFT{OTF(ηx, ηy)} 

 

The resultant system PSF is defined at intervals δx = δy = p/FS where p is the pixel width. 

 

7. Scanning Imagers Quality Types  

 

System PSF is computed as a function of the optical factor for three quality types of satellite 

imagers: Perfect Scanner (PS), High Quality scanner (HQ) and Medium Quality scanner 

(MQ). These scanners are defined in Table 2.6, considering the empirical data previously 

quoted for WFE, L and σ.  
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Table 2.6: Scanning Imagers Quality Types. The parameters shown are 

assumed to model three quality types of satellite imagers: Perfect Scanner 

(PS), High Quality scanner (HQ) and Medium Quality scanner. Root mean 

square wavefront error “WFE” models optical aberrations, jitter standard 

deviation “σ” models the line of sight stability and effective diffusion 

length “L” models charge diffusion in detectors. Values assigned to 

parameters for HQ and MQ imagers are based on published data. 

 

Parameters Units 
Satellite Imager Quality Types 

PS HQ MQ 

WFE RMS wavelengths 0.0 0.1 0.2 

σ pixels 0.0 0.1 Q 0.5 Q 

L pixels 0.0 0.1 Q 0.3 Q 

 

To illustrate the system PSF obtained, Figure 2.3 shows two graphical examples for a PS 

imager in AS and CS directions. The low Q imager in the left has very different cuts in 

both directions due to scanning OTF, whereas for the high Q imager in the right, these 

differences are reduced due to the prevalence of the axially symmetric optics OTF. 

 

 

 

 

2.3.2. Spatial Resolution Function computation 

2.3.2.1.  Phasing condition 

 

Spatial resolution computation depends on the phasing, or relative position, between 

point sources and sampling grid. Among all phasing conditions the one that yields α = IFOV 

Figure 2.3: System Point Spread Function examples. System PSF cuts are shown in along scan (red 

curves) and cross scan (blue curves) directions, in the case of the Perfect Scanner, for two different 

optical factors. Vertical axes represent the PSF intensity and horizontal axes represent the distance 

measured in pixels widths from the point of maximum intensity. 
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for an ideal staring imager with Q = 0 will be selected, so the GSD metric prediction is obtained 

in this particular case. 

   

An ideal staring imager (Q = 0) represents a point source in the scene as a geometrical 

point on the image plane; its optics PSF is an impulse. This ideal impulse excites signal in a 

single pixel leaving all other pixels empty of signal. Thus, for two-point sources, at most two 

pixels have signal, and resolution is declared when one empty (no signal) pixel appears between 

these two pixels.  

 

Figure 2.4 shows three image plane’s plan views for an ideal staring imager. Spatial 

resolution will be computed for a phasing that yields α = IFOV in this ideal case. As illustrated 

in Figure 2.4, this occurs when sources move parallel to pixel edges and are located equidistant 

to a pixel centre; all other possibilities give higher (worse) resolution values.  

 

 
 

 

 

 

 

 

 

 

 

 

Thus, spatial resolution function is computed for the phasing depicted in Figure 2.4.a, 

which assumes sources located symmetrically with respect to a pixel centre, moving along a 

trajectory parallel and equidistant to pixel edges. This last equidistant condition is not necessary 

to obtain α = IFOV, but it is a reasonable assumption for actual imagers, as it maximizes the 

signal measured by the pixels involved in the computation of contrast. 

 

With this assumption, the Spatial Resolution Function is computed for the most 

favourable phasing condition that gives a minimum resolution distance and which yields the 

 Figure 2.4: Phasing condition. Three possible measures of spatial resolution are shown for an ideal imager 

considering different phasing conditions. To measure resolution, the two-point sources are gradually 

separated along a straight trajectory, with respect to an equidistant point of symmetry. The projection of the 

point sources in the image plane, when resolution is declared, is represented by a black dot, their trajectory 

is shown as a dashed line and its point of symmetry is depicted by an encircled “plus” symbol ⨁. Resolution 

is declared when sources are separated at such a distance that at least one empty pixel appears between the 

two pixels occupied by these sources. As the separation trajectory and point of symmetry are arbitrary, there 

are an infinite number of ways to measure resolution. The phasing condition with centre symmetry and a 

movement parallel to the pixel grid (2.4.a) is selected because it yields an angular resolution α equal to the 

Instantaneous Field Of View (IFOV). Figures 2.4.b and 2.4.c. with edge and corner symmetry, respectively, 

yield angular resolutions larger than the IFOV. 



                
Chapter 2                                                                                                          A new spatial resolution metric  

40 
 

  

GSD metric as a limiting case. This later metric will be shown to be useful for low optical 

factors in cross scan direction.  

 

Other phasing conditions are possible, for example 2.4.b, but the resultant Contrast 

Function metric would then predict that the GSD and other popular metrics, like the FWHM 

of the PSF or the EIFOV, are completely useless for not being applicable to any range of optical 

factors. 

 

2.3.2.2.  Computational procedures 

 

The procedure to compute the Spatial Resolution Function from the system PSF is now 

presented. Assume that the projections of the two-point sources on the image plane are 

separated at a given distance s, according to the phasing condition of Figure 2.4.a.  

 

Resolution distance on the image plane is measured in pixels and computed at intervals 

δs = 2·p/FS in AS and CS directions, as a function of resolving contrast, using the following 

procedure: 

 

1. Assume an initial separation s slightly smaller than pixel pitch p to assure that it is less than 

Sparrow limit. As result of the IFT, the system PSF is computed at intervals p/FS. Thus, to 

compute the sum of two system PSFs without using interpolation, s must be a multiple of 

δs = 2·p/FS. 

 

2. Compute pre-sampled system response f(x,y)⁕PSF(x,y) as sum of two system PSFs 

corresponding to sources projections located at distances ± s/2 from centre of central pixel 

(“Pixel 0” in Figure 2.4.a). 

  

3. Compute intensities of sampled responses I in each one of the pixels by point-sampling 

f(x,y)⁕PSF(x,y) at their centres.  

 

4. Define Pixel 0’s signal as Imin. Find the pixel in the image, different from Pixel 0, with 

maximum signal Imax. Compute contrast as C(s) = (Imax - Imin)/Imax. If Pixel 0 has the 

maximum signal, then a negative value for C(s) is obtained. 

 

5. Increase separation s by δs = 2·p/FS and repeat steps 2 to 4, until C ≥ Cmax, where Cmax< 1 

is the maximum contrast value for which the resolution function will be computed. 

 

6. Examine computed values of C versus s and apply linear interpolation to find separation so 

such that C(so) = 0 and C > 0 for s > so. The separation so is the imager’s Sparrow limit.    

 

7. Present s/p values versus C, for s ≥ so, this set of values is the Spatial Resolution Function        

R(C) = s(C)/p defined in domain 0 ≤ C ≤ Cmax. This function gives the resolution distance - 

normalized to the pixel width - versus the resolving contrast in the image plane, for any type 

of imaging sensor. The maximum contrast value Cmax is selected according to the application, 

in this paper Cmax = 0.95 was assumed. 
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The general procedure to compute the Spatial Resolution Function is presented in the 

flowchart of Figure 2.5. 

 

 

 

 

 

 

Figure 2.5: Flowchart of the procedure used to compute the Spatial Resolution Function. This procedure 

involves: the definition of the Point Spread Function; the gradual separation of the two point sources 

according to the phasing condition of Figure 2.4.a; the computation of the pre-sampled response; the 

computation of the sampled response in all pixels; the computation of contrast “C” in the image plane as a 

function of source separation “s”; the inversion of the function C(s); and the final presentation of resolution 

distance “s” as a function of contrast “C”. 
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Previous procedure uses the system PSF, an alternative procedure using the optics PSF 

was also implemented for code validation purposes, by replacing steps 2 and 3 as follows: 

 

2. Compute pre-sampled “intermediate” response as sum of two optics PSF corresponding to 

sources projections located at distances ± s/2 from centre of central pixel. 

  

3. Compute intensities of sampled responses I in each one of the pixels by integrating the pre-

sampled intermediate response over their active areas. Approximate this integration by the 

sum of all optics PSF samples within the pixel’s active area (equal to the pixel’s area for 

100 % fill factor).   

  

2.3.2.3.  Computation of ultimate resolution distance 

 

Noise degrades spatial resolution by limiting the minimum detectable contrast. We define 

the “ultimate” resolution distance as the minimum resolution distance Rmin that can be obtained 

for a given image SNR, corresponding to the effective Sparrow limit in the presence of noise.  

(Stelzer 1998).  

 

We estimate this ultimate distance using Rose criterion, which states that the contrast                     

C = (Imax - Imin)/Imax = ΔI/Imax between two adjacent pixels with signals Imax and Imin is detectable 

if their signal difference ΔI is at least 5 times larger than image’s noise N. That is, if ΔI ≥ 5·N 

(Maidment 2014). Although this criterion has limitations (Burgess 1999), it is a useful tool for 

spatial resolution assessment (Lifschin et al. 2013).   

 

If the SNR at the maximum of the combined response is SNRmax = Imax/Nmax, then Rose 

criterion requires that C = ΔI/Imax ≥ 5·Nmax/Imax = 5/SNRmax. Thus, the minimum detectable 

contrast for two-point sources is Cmin = 5/SNRmax and Rmin = R(Cmin) is the ultimate spatial 

resolution distance considering image noise limitations. 

 

2.3.2.4.  Validation procedures 

The system PSF was found as the fast IFT of the system OTF, using NS = 30000 samples. 

Codes were developed to compute the Spatial Resolution Function using the system PSF 

procedure (Section 2.3.2.2).  

These codes were validated for optical factors between 0.001 and infinity, by comparing 

their results with the ones obtained by the following alternative procedures:  

1. Analytic equations for Q = 0   

Analytic equations for the Spatial Resolution Function when Q = 0, are presented in section 

2.4.1 for a Perfect Scanner. The system PSF results obtained for Q = 0.001 were compared 

with these equations. For the 20 values computed in each direction, the Mean Absolute 

Percentual Difference (MAPD) is 0.007 % in AS direction and 0.11 % in CS direction. As 

expected, these differences increase as Q increases, for example, when Q = 0.01, the MAPD 

is 0.07 % in AS direction and 1.1 % in CS direction. 
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2. Integration of optics point spread function 

 

The Spatial Resolution Function was computed for a Perfect Scanner in AS direction, using 

the two procedures defined in section 2.3.2.2 (point sampling of system PSF and integration 

of optics PSF). A sampling frequency FS = 601 samples per pixel was used to compute Rx(C, 

Q) using these two procedures, for 44 optical factors within domain  0.05 ≤ Q ≤ 2 and for 

20 resolving contrasts within domain 0.0 ≤ C ≤ 0.95. The MAPD for the 44×20 = 880 values 

compared was 0.00003 %. 

 

3. Analytic equation for Q →∞   

 

The PSF of an ideal optical aperture (Q →∞), computed with the first-order Bessel function 

(Fiete 2014), was compared with the results obtained with the system PSF procedure. Using 

a sampling frequency FS = 101, the MAPD was 0.0003 % for the 315 data points for which 

PSF ≥ 0.001.   

 

2.3.3.  Assessment of spatial resolution metrics 

 

2.3.3.1 Assessment procedure 

 

We denominate Theoretic and Spatial Response metrics as “soft” metrics because they 

predict a single hypothetical spatial resolution distance without considering the contrast 

achieved in the image plane when two-point sources are separated at this distance.  

 

We claim the Spatial Resolution Function R(C, Q) to be a “hard” metric because it defines 

the resolution distance in terms of the actual contrast in the image plane, computed for the most 

favourable phasing condition. 

 

We assess soft metrics by comparing their predictions with the resolution distance 

computed by the Spatial Resolution Function metric. R(C, Q) is a function of contrast C and 

optical factor Q, but soft metrics predict a resolution distance r(Q) that depends only on Q.  

 

To assess soft metrics, we initially assume that for a given value of Q their prediction 

agrees with to the Spatial Resolution Function and compute the contrast Ca(Q) associated to 

this prediction, such that the predicted distance r(Q) is equal to the resolution distance R(C, Q): 

 

                       r(Q) = R(Ca , Q) 

 

Resolution distance is a function of contrast, the higher the contrast the higher this 

distance (see for example Table 2.2). Thus, to compare the resolution of two imagers with 

different Q factors, this comparison must be performed at the same contrast.  
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A perfect soft metric has a constant Ca(Q), so its prediction r(Q) is always associated to 

the same contrast. This perfect metric would be easier to compute than the Spatial Resolution 

Function and would be “hardened” by its association to a known value of contrast. 

 

The associated contrast Ca(Q) of actual soft metrics depends on Q, so they systematically 

err when comparing the resolution of two imagers with different optical factors. We qualify a 

spatial resolution metric as “biased” when its associated contrast depends on the optical factor.  

 

When a biased metric is used to compare the spatial resolution of two imagers with 

different optical factors, it will either overestimate the spatial resolution of the imager with the 

smaller associated contrast or underestimate the spatial resolution of the imager with the higher 

associated contrast. 

 

An unbiased metric should compute resolution at the same contrast or at a given known 

contrast. As will be shown in section 2,4, all soft metrics have bias errors because their 

associated contrast depends on the optical factor. This error is generated because soft metrics 

predict a priori a single resolution distance, without considering the actual contrast that is 

achieved in the image plane when two point sources are separated at this distance. Thus, it is 

not unusual that soft metrics predict resolution distances well below Sparrow limit, that is, they 

declare resolution when there is actually no resolving contrast in the image plane.  

 

Two-Point Source metrics are by definition perfectly unbiased metrics, because they 

predict a single spatial resolution distance at a specific value of contrast (Single Value metrics) 

or, more generally, they compute the spatial resolution distance as a function of contrast 

(Contrast Function metrics).  

 

The Spatial Resolution Function is a Contrast Function metric that is preferred over any 

Single Value metric, because it predicts resolution for all values of contrast, a crucial advantage 

when image noise (see Section 2.3.2.3) and the different contrast requirements for image 

processing applications are considered. The Spatial Resolution Function can also be used to 

gauge the errors incurred by biased metrics, a task beyond the capability of Single Value metrics.    

 

To illustrate how the bias error is gauged by the Spatial Resolution Function, assume that 

a soft metric predicts that two imagers called 1 and 2, with different optical factors Q1 and Q2, 

respectively, have equal resolution: r(Q1) = r(Q2). These “soft” predictions are made without 

considering the actual contrasts associated to these resolution distances.  

 

Further assume that the Spatial Resolution Function indicates that the associated contrast 

Ca(Q1) of Imager 1 is larger than the associated contrast Ca(Q2) of Imager 2:                                                

C1 = Ca(Q1) > C2 = Ca(Q2).  

 

To compare resolution distances at the same contrast, either C1 or C2 can be selected. If 

C1 is selected, then r(Q1) = R(C1 ,Q1) is a correct prediction, but r(Q2) < R(C1 ,Q2) is not, because 
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a larger separation is needed for Imager 2 to increase contrast from C2 to C1. Thus, in this case 

the soft metric underestimates the resolution distance of Imager 2.   

 

If C2 is selected, then r(Q2) = R(C2 ,Q2) is a correct prediction, but r(Q1) > R(C2 ,Q1) is 

not, because a smaller separation is needed to decrease contrast from C1 to C2. Thus, in this 

case the soft metric overestimates the resolution distance of the Imager 1.  

 

Thus, the soft metric errs in equating the resolution of both imagers because, for both 

associated contrasts, Imager 1 has smaller resolution distance than Imager 2. 

 

To assess the bias error incurred by a soft metric, the average value <Ca> of its associated 

contrast is computed in the domain of optical factors of interest, and then its prediction r(Q) is 

compared with the Spatial Resolution Function Ro(Q) = R(<Ca>, Q) evaluated at a contrast 

equal to this average value. 

 

The Prediction Error (PE) is defined as PE(Q) = 1- r(Q)/Ro(Q). A perfect soft metric with 

constant Ca(Q) is assigned zero prediction error if 0 ≤ Ca ≤ 1. A soft metric with variable Ca has 

PE ≈ 0 if Ca(Q) ≈ <Ca>.  

 

In principle, any soft metric with 0 ≤ Ca ≤ 1 can have small bias errors if applied on a 

sufficiently narrow range of optical factors. In practice, all known soft metrics display large 

bias errors when assessed in the range 0.001 ≤ Q ≤ 2.0. 

 

For scanning imagers, r(Q) and Ro(Q) are dependent on direction, so PEx(Q) and PEy(Q) 

are separately computed. Maximum Prediction Error (MPE) is defined as the maximum 

absolute value of PE considering both directions:  

 

                                MPE = maximum{|PEx(Q)|, |PEy(Q)|}. 

 

MPE and <Ca> are finally multiplied by 100 to be expressed in per cent.  

 

2.3.3.2. Computational range 

 

For each one of the three quality types of satellite imagers defined by Table 2.6 we compute: 

 

1. Resolution function R(C, Q) in AS (Rx(C, Q)) and CS (Ry(C, Q)) directions 

 

R(C, Q)  was computed in AS and CS directions within domain 0.001 ≤ Q ≤ 2 and within 

domain 0 ≤ C ≤ 0.95 at intervals δC = 0.05, thus, 20 values of C were considered. For                

Q < 0.01;  δQ = 0.001, for Q > 0.1; δQ = 0.05 and for 0.01≤ Q ≤ 0.1;  δQ = 0.01. Thus, 57 

values of Q were considered. Consequently, 2×20×57 = 2280 R(C, Q) values are computed 

for each imager. 

 



                
Chapter 2                                                                                                          A new spatial resolution metric  

46 
 

  

NS = 30000 samples were used for the IFT, with  FS = 7501 samples per pixel for  Q < 0.05 

and FS = 601 samples per pixel for Q ≥ 0.05. 

 

2. Soft metrics prediction r(Q) 

 

For each soft metric r(Q) was computed in AS and CS directions within domain                         

0.001 ≤ Q ≤ 2, with the same δQ intervals used for R(C, Q). Thus, 2×57 = 114 values for 

r(Q) were computed for each metric. 

  

3. Associated contrast  

 

For each r(Q) value, the associated contrast Ca(Q) is computed by the following procedure: 

 

• If R(0, Q)  ≤ r(Q) ≤ R(0.95, Q) then Ca(Q) is found by linear interpolation between the 

nearest R(C,Q) curves. 

 

• If r(Q) < R(0, Q) then Ca = 0 is assumed. 

 

• If r(Q) > R(0.95, Q) then Ca  = 1 is assumed. 

  

For each soft metric, the average associated contrast <Ca> is the average of the 114 Ca(Q) 

values. 

 

2.3.3.3   Metrics assessed 

 

Twelve metrics are assessed: 

 

1. GSD metric: r(Q) = 1. 

2. Theoretic System metrics: Fuji, Kodak, GIQE, Composite and Equivalent. 

3. PSF Point metrics: FWHM and FWTM . 

4. MTF Point metrics: EIFOV and MTF = 0.1 metric (MTF.1) 

5. MTF Integral metrics: RER and SEP. 

 

2.4.   Results 

Figure 2.6 presents the Spatial Resolution Function in AS and CS directions, Rx(C, Q) 

and Ry(C, Q), respectively, for the three quality types of imagers defined in Table 2.6, as a 

function of the optical factor Q for five values of contrast C (0.0, 0.3, 0.5, 0.7 and 0.9).  

Figure 2.7 presents the associated contrast Ca for the twelve soft metrics assessed, in 

AC and CS directions, as a function of Q for a Perfect Scanner. The GSD metric is not displayed 

in Figure 7, because the resolution distance it predicts is always smaller than Sparrow limit, so 

its associated contrast is defined as zero.  

Although the GSD metric displays the largest errors when assessed over the whole 

range of optical factors, it is still a useful approximation to the resolution distance in cross scan 
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direction for low optical factors. To illustrate the range of optical factors and resolving contrasts 

where the GSD metric is applicable, contours of constant Ry(C, Q) have been drawn in Figure 

2.8 for a High Quality scanner, using contrast intervals δC = 0.01. 

 

 

 

  Figure 2.6: Spatial Resolution Function for Perfect Scanner (PS – top figures), High Quality scanner (HQ – 

middle figures) and Medium Quality scanner (MQ – bottom figures). The Spatial Resolution Function is 

presented in along scan (left figures) and cross scan (right figures) directions for five values of contrast C. 

Vertical axes represent resolution distance R in pixels and horizontal axes represent the optical factor Q. 
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Figure 2.7: Associated Contrast of Soft Metrics. Associated contrast Ca of soft metrics is presented as a 

function of optical factor Q, for a Perfect Scanner, in along scan (left figures) and cross scan (right figures) 

directions. Vertical axes represent Ca, and horizontal axes represent Q. Ca is computed assuming that a metric 

agrees with the Spatial Resolution Function at a given Q. When a soft metric predicts a resolution distance 

lower than Sparrow limit no data is shown, being this the reason why GSD metric is not presented. All metrics 

are biased because their Ca depends on Q, erring when comparing imagers with different optical factors.  

 

Figure 2.8: Contours of Constant Spatial Resolution Function in Cross Scan direction. Contours of constant 

Ry(C, Q) measured in pixels are drawn for a High Quality scanner in the resolving contrast C versus optical 

factor Q plane. The GSD metric postulates r(Q) = 1 pixel, so the contours can be used to assess its error for a 

given combination of C and Q values. For example, with relation to Figure 2.8.b, Ry(0,0.1) = 1.05, thus, if the 

GSD metric is used to predict Sparrow limit (C = 0) for a HQ imager with Q = 0.1, then its prediction error is 

100·(1-1/1.05) = 4.8 %.   
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2.4.1.    Spatial resolution function of a perfect scanner  

As depicted in Figures 2.6.a and 2.6.b, the resolution distance increases monotonically 

with contrast and optical factor, showing inflection points near R = 3, when maximum intensity 

Imax shifts from Pixel 1 to Pixel 2 (pixel numbers defined in Figure 2.4.a).   

When Q = 0 the system PSF cut for the Perfect Scanner has the well-known triangular 

and rectangular shapes in along and cross scan directions, respectively (Schowengerdt 2007).     

In this case, the Spatial Resolution Function has simple analytic expressions: 

  Rx(C, 0) = 4/(3-C)                          Ry(C, 0) = 1                           

Due to scan, AS resolution is always worse (larger) than CS resolution: Rx(C, Q)  > 

Ry(C, Q).  Main difference between AS and CS resolution distances is that for Q << 1 and           

C = 0, the GSD metric fails in AS direction, because Rx(0, Q) ≈ 4/3 instead of  Ry(0, Q) ≈ 1. 

This difference is congruent with the differences observed for low Q imagers, between 

their system PSF cuts in AS (triangular shape) and CS (rectangular shape) directions. These 

PSF shapes, illustrated in Figure 2.3.a, are characteristic of low optical factor imagers like 

AVHRR, MSS and MODIS (Schowengerdt 2007).  

The 4/3 factor appears due to scanning because in AS direction the optics PSF cut is 

spread into a square pulse of width p instead of an impulse as in CS direction. Sparrow criterion 

(C = 0) is fulfilled when the central pixel and its two adjacent pixels have equal signal, so this 

square shape increases resolution distance from 1 to 4/3 pixels, as the following line of 

reasoning shows. 

Assume the phasing condition of Figure 2.4.a and that the optics PSF is spread on the 

image plane into a square pulse of width p. If sources are separated by a distance s = p then the 

central pixel has twice the signal of its two adjacent pixels (central pixel has 1/2 of each source, 

making a total of 1, and adjacent pixels have 1/2 of a source), whereas if sources are separated 

by s = 4/3·p then central and adjacent pixels have equal signal (central pixel has 1/3 of each 

source, making a total of 2/3, and adjacent pixels have 2/3 of a source).  

Analytic approximations to R(C, Q) curves for Sparrow limit (C = 0) are presented in 

Table 2.7.  

Table 2.7: Analytic approximations to Sparrow limits. Equations shown approximate the Spatial 

Resolution Function of a Perfect Scanner for zero contrast (Sparrow limit) in AC (x) and CS (y) 

directions. The bounds for the Mean Average Percentual Error (MAPE) and the maximum error (Max.) 

within domain 0.001 ≤ Q ≤ 2 are indicated. 

Approximations for Sparrow limits 
Errors (%) 

MAPE Max. 

Rx(0, Q) = (4/3)·[1 + (0.74·Q)3.2 ]1/3.2 0.2 0.7 

Rx(0, Q) = Q2/4 - Q/10 + 4/3 0.5 2 

Ry(0, Q) = Q2·0.15 + Q·0.23 + 1 1 3 

Ry(0, Q) = [1 + (0.8·Q)1.6 ]1/1.6 2 5 

Ry(0, Q) = 1+ Q/2 4 11 
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Without scanning, resolution functions in AS and CS directions would be identical and 

very similar to the curves displayed in Figure 2.6.b.  The MAPD and maximum differences 

between Ry(C,Q) of a Perfect Scanner and the Spatial Resolution Function R(C, Q) of a Perfect 

Starer are smaller than 0.4 and 1.5 %, respectively, within domains 0 ≤ C ≤ 0.9 and                         

0.001 ≤ Q ≤ 2. Thus, approximations for Ry(0, Q) in Table 2.7, are also applicable to a Perfect 

Starer. 

2.4.2.   High quality scanner spatial resolution function 

Figures 2.6.c and 2.6.d present the Spatial Resolution Function for a High Quality scanner. 

Comparing with Figures 2.6.a and 2.6.b, respectively, the curves for C = 0 are very similar but 

the ones for C = 0.9 are strikingly different, indicating that although minor imperfections do 

not affect Sparrow limit, they significantly degrade resolution at high contrast values.  

Degradation of resolution distance due to minor imperfections is more pronounced for 

high optical factors, being almost unnoticeable for Q << 1. For example, Rx(0.9, 1.5) is 

significantly degraded from 3.6 (PS) to 4.7 (HQ) pixels whereas Rx(0.9, 0.05) is barely 

degraded from 1.92 (PS) to 1.93 (HQ) pixels. 

The constant Ry(C, Q) contours of Figure 2.8 are useful to define the range of validity of 

the GSD metric in CS direction. For example, assuming that errors smaller than 10 % are 

tolerated, if C = 0 is required, the GSD metric is valid for Q < 0.2, but if C = 0.9 is required, 

then the GSD metric is valid only for Q < 0.02.  

2.4.3. Medium quality scanner spatial resolution function 

 

Figures 2.6.e and 2.6.f present the resolution function for a medium quality scanner. 

Comparing with Figures 2.6.c and 2.6.d, respectively, all curves are shifted upwards, indicating 

that medium imperfections significantly degrade resolution distance at all contrast values.  

For Q > 0.5 the AC and CS curves are very similar, indicating that the asymmetry due to 

scan has been obliterated by the effect of symmetrical imperfections. 

The resolution degradation due to medium imperfections is more pronounced for high 

optical factors, being small for Q << 1. For example, Rx(0.9, 1.5) is strongly degraded from 4.7 

(HQ) to 13.5 (MQ) pixels whereas Rx(0.9, 0.05) is slightly degraded from 1.93 (HQ) to 2.03 

(MQ) pixels.  

We conclude that, regarding spatial resolution, sensors with Q << 1 are highly resistant to 

degradations in the performance of system components, whereas sensors with Q ≈ 1 are highly 

susceptible to these same degradations. 

2.4.4. Metrics assessment 

Figure 2.7 shows associated contrast curves Ca(Q) for a perfect scanner in AS and CS 

directions for the twelve soft metrics indicated in section 2.3.3.3. GSD metric is not shown 

because its predictions are always smaller than Sparrow limit.  Similar curves are obtained for 

HQ and MQ scanners, main difference being that curves for Theoretic System metrics 

disappear for MQ scanner as their predictions are then below Sparrow limit.   
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Due to the dependence of their associated contrast on Q, all soft metrics show bias when 

used to compare imagers with different optical factors, incorrectly disregarding the dependence 

of resolution on contrast. 

Table 2.8 presents MPE and average associated contrast <Ca> of assessed metrics for the 

three quality types of imagers. 

Table 2.8: Soft metrics bias errors and average associated contrasts. For the soft metrics indicated 

in column 1, their Maximum Prediction Errors are presented in columns 2, 3 and 4, for three quality 

types of imagers (PS: Perfect Scanner, HQ: High Quality Scanner, MQ: Medium Quality Scanner). 

Columns 5, 6 and 7 present average associated contrast <Ca> for these same quality types of imagers. 

<Ca> = 0 indicates that metric predicts a resolution distance smaller than Sparrow limit. All values 

in per cent. A perfect soft metric should have zero bias error and its <Ca> should not depend on 

imager type, none of the metrics assessed fulfills these conditions. 

 

A perfect soft metric has MPE = 0 and <Ca> = constant for all quality types of imagers; 

none of the assessed metrics fulfills this requirement. We conclude: 

1. IFOV has the largest errors with MPE ≥ 53 %, due to its inadequacy to predict resolution 

distance for the higher optical factors.  

 

2. All Theoretic System metrics have large errors with MPE ≥ 25 %, exhibiting a large 

variation of <Ca> with imager quality type. 

 

3. FWHM metric has large errors with MPE ≥ 25 % and with a systematic dependence of <Ca> 

on imager quality type. 

 

4. MTF.1 metric has smallest errors within MTF metrics with a moderate variation of <Ca> 

with imager quality type. 

 

5. Best metric is FWTM with MPE ≤ 6 % and almost constant <Ca> with imager type. 
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2.5. Discussion 

2.5.1. Key results 

A new spatial resolution metric for satellite imagers, designated Spatial Resolution 

Function, is developed by applying the classical two-point source resolution criteria to digital 

images with the following innovations: 

• Resolution distance R is computed as a function of sampled image contrast C.   

• Phasing between two-point source scene and image plane’s pixels is defined so the GSD 

metric (r =1) is valid for a non-scanning imager when Q → 0. 

• Ultimate resolution distance is computed as function of image SNR using Rose criterion. 

A scanning satellite imager model, with circular aperture and square pixels, is selected to 

apply this metric. The Optical Transfer Function (OTF) approach is used to compute the system 

Point Spread Function (PSF) of this model. 

Spatial Resolution Function R(C, Q) is computed for perfect, high quality and medium 

quality types of scanning imagers, in along and cross scan directions, within domain                    

0.001 ≤ Q ≤ 2. 

Current “soft” metrics that predict resolution as a single distance r, without considering 

the actual resolving contrast, are assessed by finding their “associated contrast” Ca for which 

their predicted resolution r(Q) is equal to R(Ca, Q).  

An unbiased resolution comparison between two imagers must be performed at the same 

contrast, but as the Ca of soft metrics depends on Q, all of them are biased. To gauge a metric 

bias error within the range of optical factors of interest, its predicted resolution distances are 

compared with the Spatial Resolution Function computed at a contrast equal to the average 

value of its associated contrast <Ca> within this range.  

Metrics are assessed by computing their Maximum Prediction Error (MPE). All metrics 

assessed show MPE ≥ 6 %. The most popular metric, the Ground Sampled Distance (GSD) has 

the largest errors with MPE ≥ 53 %. The popular Full Width at Half Maximum (FWHM) of the 

PSF metric has MPE ≥ 25 %. 

2.5.2. Interpretation of results 

If resolution is defined in the sampled image according to the two-point source criterion 

and the GSD is the resolution distance in cross scan direction when Q = 0, then the Spatial 

Resolution Function R(C, Q) is the actual resolution distance of satellite imagers.  

The two-point source criterion has a sound empirical and theoretical basis, so currently, 

as the popular pixel size GSD criterion has been shown to be a particular case, there seems to 

be no other criterion to challenge it.  

The Spatial Resolution Function allows the assessment of “soft” metrics. These later 

metrics  define resolution as a single distance without considering the actual contrast in the 

sampled image. We have shown that soft metrics are biased, as - for example - they may predict 

that two imagers with different optical factors have the same resolution when in fact they don’t.  
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The limitations of the GSD metric (r = 1) were previously known, our results define its 

application domain; it should be used to estimate Sparrow limit in cross scan direction for              

Q << 1, outside this domain large errors are expected, especially for high optical factors.  

The large errors of all other Theoretic metrics were also expected, as they attempt to 

predict resolution of actual imagers assuming ideal imagers.  

An unexpected result are the large errors of the PSF’s Full Width at Half Maximum 

(FWHM) metric. Its widespread usage in the validation and calibration community suggested 

smaller errors, but although it is a main descriptor of the PSF’s shape, it is inadequate as 

resolution metric for the full range of optical factors considered. A much better Spatial 

Response metric is the PSF’s Full Width at Tenth Maximum (FWTM). 

The high bias errors of the FWHM metric and the low bias errors of the FWTM metric 

are now interpreted using the analytic expressions presented in section 2.4.1 for the Spatial 

Resolution Function when Q = 0.  

Assume that a PSF metric based on its full width at a certain relative level “ε” of response 

is required, with 0 ≤ ε ≤ 1 so that, at least for Q ≈ 0, this PSF width metric predicts the correct 

resolution distance in both AS (x) and CS (y) directions.  

For Q = 0 the system PSF is similar to the one illustrated in Figure 2.3.a.  

The system PSF’s Full Width in CS direction is FWy = 1 pixel, independently of ε, so for 

this direction any response level ε will suffice as FWy =Ry(C,0) = 1 pixel is always satisfied.   

In AS direction, the Full Width of the PSF is: 

     FWx(ε) = 2·(1- ε) pixels 

This width varies from 0 to 2 pixels when the response level ε varies from 1 to 0.  

For the PSF width metric to correctly predict resolution in AS direction, the following 

equality must hold: 

                                         FWx(ε) = 2·(1- ε) = Rx(C,0) = 4/(3-C) 

Thus, the required relation between response level and resolving contrast is: 

    ε = 1 – 2/(3-C) 

The response level ε varies from 0.33 to 0 as the contrast C varies from 0 to 1. Thus, 

under the restriction 0 ≤ ε ≤ 0.33 the PSF width metric will work at Q ≈ 0 for a contrast: 

                                                    C = 3 – 2/(1- ε)  

Finally, we conclude that the FWTM metric (ε = 0.1 < 0.33) satisfies this later restriction 

for a contrast C ≈ 0.78 whereas the FWHM metric (ε = 0.5 > 0.33) does not.   

Very good agreement is obtained for the FWTM metric between this later value of C, 

derived through the analytic approximations of the Spatial Resolution Function, and the 

average associated contrast values presented in the bottom line of Table 2.8. 

The overall inadequacy of Spatial Response metrics is interpreted by considering the 

following facts: 
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1. Spatial Response metrics predict resolution distance of digital images without considering 

the contrast achieved in the image plane when two-point sources are separated at this 

distance. If the system PSF and OTF would always have the same shapes a single property 

of them could suffice to define resolution for a given contrast, but as the PSF and OTF 

shapes depends on imager type, scan direction and optical factor, there is no easy substitute 

to the computation of resolution distance versus resolving contrast in a case by case basis.  

 

2. Spatial Response metrics are based on a property of the pre-sampled spatial response 

without considering the dependence of resolution distance on pixel sampling and scene 

phasing. Spatial resolution occurs in the sampled image and is highly dependent on scene 

phasing, as illustrated in Figure 2.24. Thus, metrics that do not explicitly consider sampling 

and phasing cannot be expected to give an accurate estimation of resolution distance. 

2.5.3.   Implications of results  

The Spatial Resolution Function R(C, Q) allows an unbiased assessment of resolution for 

any type of satellite imager, using as input the same system PSF or OTF whose properties are 

employed by Spatial Response metrics. Whereas these later metrics define resolution as a single 

distance r(Q) computed from the pre-sampled system PSF or OTF, the R(C, Q) approach 

computes the resolution distance of two-point sources as a function of the actual resolving 

contrast in the sampled image.  

The advantage of Spatial Response metrics is that resolution is estimated directly from 

the system PSF or OTF, without applying the computational procedure described in section 

2.3.2.2. Considering the large bias errors of Spatial Response metrics and the widespread 

availability of computational resources, it does not seem wise to sacrifice accuracy due to an 

economy in calculation effort, especially when the required system PSF is already available. 

The main implication of our results is that Theoretic and Spatial Response metrics are 

unsuitable to compare the resolution distance of different types of satellite imagers, as they 

may give erroneous conclusions. To gauge spatial resolution with an unbiased metric, the 

Spatial Resolution Function can be employed. 

As an example of the errors due to biased metrics, consider the task to select between 

two HQ satellite sensors, “Sensor 1” and “Sensor 2”, the one with the best spatial resolution. 

Sensor 1 has Q = 0.4 and GSD = 250 m. Sensor 2 has Q = 1.5 and GSD = 200 m.  

According to the GSD metric, Sensor 2 has better (smaller) resolution than Sensor 1, in 

AS and CS directions, independently of the resolving contrast.  

Consider now the use of the Spatial Resolution Function for this same task, assuming 

that a contrast C = 0.3 is required to declare resolution. The results are shown in Table 2.9. 

When the resolution distance of both sensors is measured at the same contrast level, the 

Spatial Resolution Function indicates that Sensor 1 has better (smaller) resolution than Sensor 

2 in both directions. 
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Table 2.9: Example of resolution distance computation. The Spatial Resolution Function is used to 

compute the resolution distances of two hypothetical High Quality (HQ) imagers in Along Scan (x) 

and Cross Scan (y). directions. The GSD metric incorrectly predicts that Sensor 1 has the best 

(smallest) resolution distance, whereas actually it has the worst (largest) resolution distance. 

 

This example illustrates the use of the Spatial Resolution Function in a practical case, 

and also highlights the following general implications that must be considered when assessing 

the spatial resolution distance of satellite imagers: 

1. Spatial resolution distance is a function of the contrast that is required in the image to declare 

that the two point sources have been resolved (separated).  

 

2. To compare the spatial resolution distance of different satellite imagers, this comparison 

must be performed at the same image contrast. 

 

3. Spatial resolution metrics which do not explicitly consider image contrast must not be 

employed to compare different types of imagers. 

 

4. The spatial resolution distance is usually different in along scan and cross scan directions, 

being always larger than the GSD. 

Even for the same satellite imager, soft metrics err when resolutions distances in AS and 

CS directions are compared. For example, in the case of a low Q imager illustrated in Figure 

2.3.a, the GSD and the PSF FWHM metrics predict that the resolution distance in both AC and 

CS directions is 1 pixel. If zero contrast is assumed, both metrics are approximately correct in 

CS direction, but both metrics err by a 4/3 factor in AS direction.     

In practice, instead of the Spatial Resolution Function, a single figure of merit to assess 

resolution may sometimes be needed. The PSF’s FWTM could be an alternative if a contrast  

C ≈ 0.78 is relevant, but this metric’s errors have only been assessed for the specific types of 

imagers herein considered. More general figures of merit are obtained by computing R(C) for 

the specific type of imager and optical factor Q of interest and extracting from this function a 

single value suitable to the application. For example: 

• When minimum resolution distance is of interest, the ultimate resolution R(Cmin) limited 

by SNR can be employed.  

 

• In image processing applications where a given contrast threshold Cthr > Cmin must be 

exceeded, R(Cthr) is a suitable resolution parameter. 

 

• If radiometric accuracy is critical, R(0.95) can be used to estimate at which distances the 

measurements are uncontaminated by PSF’s adjacency effect.  
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• If overall image quality for a certain domain of contrasts is of interest, then average value 

of R(C) in this domain can be used. 

2.5.4. Limitations and future work 

The procedure to compute the Spatial Resolution Function is general, but as its 

computation depends on the system PSF, the results presented and the conclusions regarding 

the assessment of current metrics are strictly valid only for imagers satisfying the assumptions 

stated in section 2.3.1.2.  

Although these later assumptions are representative of satellite imagers, the OTFs of 

section 2.3.1.2 must be modified when considering: obstructed optical apertures (Cota et al. 

2010); partial pixel fill factors (Boreman 2001); square optical apertures (Boreman 2001); 

different pixel geometries (Fliegel 2004); time delay and integration (Fiete 2010); atmospheric 

propagation effects (Boreman 2001); pixel over-sampling (Fiete and Tantalo 1999); pixel 

under-sampling (Boreman 2001); and clock-phasing techniques (Fiete 2010).   

Optics and detector responses are wavelength dependent, but monochromatic radiation 

was assumed. If Δλ is the extent of the sensor’s spectral response and λo is its central 

wavelength, the monochromatic OTF computed at λo is a good approximation to the 

Polychromatic OTF (POTF) when Δλ/λo << 1.  

Some panchromatic imagers have spectral responses between 450 and 900 nm            

(Δλ/λo = 2/3), in these cases the POTF is required to accurately assess their spatial resolution 

(Wetherell 1980, Cota et al 2010).   

The implementation of previous modifications is straightforward, but as their treatment 

will significantly extend the length of this paper, they are left aside as future work.  

Due to optics PSF’s sidelobes, the spatial resolution function may be multi valued for a 

contrast C larger than a certain contrast Co. The multiple valued property of R(C) is not an issue 

for a clear aperture for which Co > 0.95, so it has not been here addressed, but it should be 

considered when Co < 0.95 due to obstructed apertures or other factors. For this purpose, an 

adaptive sliding average may be defined, so the averaged resolution function is always 

continuous and monotonic. 

2.6. Conclusion 

Although spatial resolution is one of the key parameters of satellite imagers, the most 

popular metrics to measure it are biased, leading to incorrect conclusions when comparing the 

spatial resolution of different types of imagers. The aim of this research is to develop an 

unbiased metric.  

To achieve this aim, the classical optical criteria of angular resolution, is applied to 

satellite imagers, in such a way that the popular Ground Sampling Distance metric is obtained 

as a particular case of a more general Spatial Resolution Function metric. This new metric 

computes resolution distance versus the contrast achieved in the image plane when imaging 

two closely spaced point sources. 

The procedure to compute the Spatial Resolution Function can be applied to any type of 

satellite imager providing its system Point Spread Function (PSF) is known. Once the Spatial 
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Resolution Function is found, the effect of noise can be assessed through the computation of 

an ultimate resolution distance based on Rose criterion. 

Only the system PSF is required as input to compute the Spatial Resolution Function, so 

in this respect, this new metric does not differ from metrics that define resolution as a property 

of the system PSF or of its Fourier transform, the system Optical Transfer Function (OTF). 

In this study it was shown that Theoretic and Spatial Response metrics err when 

predicting the resolution distance of imagers with different optical factor Q, because the 

contrast associated to their prediction is a function of Q.  

Metrics errors were assessed by comparing their predictions with the Spatial Resolution 

Function computed at a reference value of contrast. For a given quality type of imager, this 

reference was defined as the average value of associated contrast within the range of optical 

factors of interest, but other definitions are also possible.  

The performance of twelve metrics was assessed by computing their prediction errors for 

three quality types of imagers. All metrics assessed show large bias errors with the exception 

of a lesser used metric (FWTM of the PSF) whose smaller errors were demonstrated, but only 

for the specific types of imagers here considered. 

The impact of our findings is that the most popular spatial resolution metrics are biased 

and may lead to gross errors when comparing different types of imagers. Our work defines a 

general procedure to compute the Spatial Resolution Function, an unbiased metric that can be 

used to compute the spatial resolution distance of any satellite imager. 

The advantages of this new Spatial Resolution Function metric over current metrics are: 

1. It is a Two-Point Source metric, so it can be used to compare the spatial resolution of 

different types of imagers without the bias errors that are characteristic of Theoretic and 

Spatial Response metrics.  

 

2. It can be applied to any satellite imager to compute its spatial resolution distance for any 

value of contrast selected as a resolution threshold. Current metrics either disregard the 

dependence of spatial resolution on image contrast (Theoretic and Spatial Response metrics) 

or assume a fixed value of contrast (Two-Point Source Single Value metrics). 

 

3. It provides a unified approach to spatial resolution by choosing a phasing condition that 

allows the popular Ground Sampling Distance (GSD) metric to be obtained as a limiting 

case. 

 

4. It allows a quantitative estimation of how image noise degrades spatial resolution, through 

the definition of a minimum detectable contrast via Rose criterion.  

 

5. It can be used to compute the bias errors of Theoretic and Spatial Response metrics, a task 

beyond the capability of Single Value metrics.  

The Spatial Resolution Function can be used for multiple purposes, for example, to 

comprehensively assess the impact of image processing algorithms on image resolution. 

Results based on biased Spatial Response metrics, which state that some algorithms like MTF 
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compensation provide a twofold increase in spatial resolution (Blonski et al. 2002), can now 

be reassessed under an unbiased framework.        

In the light of the new Spatial Resolution Function and the overall limitations of Spatial 

Response metrics, the interest on these later metrics seems more a tribute to our historical 

legacy in spatial resolution assessment rather than a practical need. This paper poses the 

question: Why dedicate efforts to study Spatial Response metrics, that approximately predict 

spatial resolution as a property of system PSF, when by using this same PSF, the exact Spatial 

Resolution Function can be found? 

 Abbreviations 

ABI: Advanced Baseline Imager 

AHI: Advanced Himawari Imager 

AMI: Advanced Meteorological Imager 

AS: Along Scan 

AVHRR: Advanced Very High Resolution Radiometer 

CS: Cross Scan 

EIFOV: Effective Instantaneous Field Of View 

FWHM: Full Width at Half Maximum 

FWTM: Full Width at Tenth Maximum 

GIQE: General Image Quality Equation 

GOES: Geostationary Operational Environmental Satellite 

GK-2: Geostationary Kompsat 2 satellite 

GSD: Ground Sampling Distance 

HQ: High Quality satellite scanner 

H-8: Himawari 8 satellite 

IFOV: Instantaneous Field Of View 

IFT: Inverse Fourier Transform 

LEO: Low Earth Orbit 

LOS: Line Of Sight 

LSF: Line Spread Function 

MAPD: Mean Average Percentual Difference 

MAPE: Mean Average Percentual Error 

MODIS: Moderate Resolution Imaging Spectroradiometer 
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MPE: Maximum Prediction Error 

MS: Multispectral 

MSG: Meteosat Second Generation (satellite) 

MSI: Multispectral Instrument 

MSS: Multispectral Scanner 

MQ: Medium Quality satellite scanner  

MTF: Modulation Transfer Function 

NASA: National Aeronautics and Space Administration 

nm: nanometre 

OLI: Operational Land Imager 

OTF: Optical Transfer Function 

PAN: Panchromatic 

POTF: Polychromatic Optical Transfer Function 

PS: Perfect satellite Scanner 

PSF: Point Spread Function 

RAIFOV: Radiometrically Accurate Instantaneous Field Of View 

RER: Relative Edge Response 

RMS: Root Mean Square   

SEP: Schade’s Equivalent Passband 

SEVIRI: Spinning Enhanced Visible and InfraRed Imager 

SLSTR: Sea and Land Surface Temperature Radiometer 

SNR: Signal to Noise Ratio 

TIRS: Thermal Infrared Sensor 

USAF: United States Air Force 

WFE: Wave Front Error 

 

 

 



                
Chapter 3                                                                 A new methodology to assess spatial response models  

60 
 

   

 

 

 

 

 

 

 

 

 

Chapter Three 
 

A New Methodology to Assess Spatial Response Models                                      

for Satellite Imagers using the Optical Design Parameters                                       

of a Generic Sensor as Independent Variables   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 This chapter was published on 26th April 2023 as: 

 

Valenzuela AQ, Reinke K, Jones SD. A new methodology to assess spatial response models for satellite imagers 

using the optical design parameters of a generic sensor as independent variables. IEEE Transactions on 

Geoscience and Remote Sensing 61, 1-10. https://doi.org/10.1109/TGRS.2023.3270433. 

https://doi.org/10.1109/TGRS.2023.3270433


                
Chapter 3                                                                 A new methodology to assess spatial response models  

61 
 

   

3.1. Introduction 

 

The Point Spread Function (PSF) is a two-dimensional (2D) function that describes the 

spatial response of an imaging sensor to a single point source in the scene.  If the sensor’s PSF 

is known, then the image produced by this sensor can be computed in terms of the known scene 

radiance (Schowengerdt 2007). 

 

Several analytic models are used to estimate (approximate) the actual PSF, either as part 

of a measurement process or in theoretical studies in which a given PSF is assumed. The 

following models are used for imaging sensors:  

 

1. Analytic PSF models (Wang et al. 2020, Bendinelli et al. 1998, Helder et al. 2005, Zhang et 

al. 2006, Peng et al. 2015).   

 

2. Line Spread Function (LSF) models (Helder et al. 2005, Smith 2006, Claxton and Staunton 

2008, Li et al. 2009, Li et al. 2011, Khetkeeree and Liangrocapart 2018).  

 

3. Separable PSF model: this model estimates the PSF from two perpendicular edge 

measurements, assuming that the PSF equals the product of the two measured LSFs 

(Craknell 1998):       

                       

PSF(𝑥, 𝑦) =  LSF𝑥(𝑥) · LSF𝑦(𝑦)                                                    (1) 

 

4. One-dimensional Hankel transform (Calle et al. 2009). 

 

Considering the plethora of spatial response models, it is of interest to assess them to 

select the most accurate for a given sensor and application. The assessment of these models is 

complicated by the fact that PSF shape is dependent on the optical design of the imaging sensor, 

so any assessment that considers only a specific kind of optical design is inherently biased as 

its results will not be valid for other designs.  

 

For example, specific imagers have been used to assess analytic PSF and LSF models to 

select the most accurate. The results indicate that the most accurate functions are Gaussian 

(Peng et al. 2015), generalized Gaussian (Claxton and Staunton 2008), Cauchy (Smith 2006), 

Fermi (Li et al. 2009), and sine integral (Li et al. 2011). These disparate contradictory 

conclusions are expected because in each case a different imager (and so a different actual PSF 

shape) has been considered. 

 

To properly assess a spatial response model, in a way that is meaningful to a large number 

of potential users, its accuracy must be computed as a function of the optical design, so the end 

user can select the model that is best suited for the specific sensor type and intended application. 

 

If actual sensors are used, it is not practical to consider a broad variety of optical designs, 

but if a generic sensor model is employed as a yardstick, then this theoretical model can be 

formulated in such a way that its PSF shape depends only on a few key parameters that 

characterize the optical design. If only two key parameters are defined, then the accuracy of 

any spatial response model can be conveniently represented as constant error curves in a plane 

of possible optical designs. 
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The definition of the key parameters of the optical design is dependent on the geometries 

of the optical aperture and the detector elements. In this work we assume a generic model 

whose geometries are representative of the most common types of satellite imagers: an annular 

optical aperture with square detector elements. 

 

A main optical design parameter is the optical factor Q, a non-dimensional number that 

gauges the relative importance of the optics and the detector in the spatial response of the sensor 

(Fiete 2010). For an annular optical aperture of external diameter D, detecting radiation of 

wavelength λ, which is focused through a focal length F, into a detector array of square pixels 

with pitch p, the optical factor is: 

 

𝑄 =  
𝜆

𝐷
  

𝐹

𝑝
                                                                           (2)         

                                                                                  

Another optical design parameter that influences the shape and extension of the PSF is 

the central obstruction of the optical aperture.  For an annular optical aperture with internal 

diameter d and external diameter D, the linear obstruction ratio ε is: 

 

𝜀 =  
𝑑

𝐷
                                                                         (3) 

 

The annular geometry is representative of several “folded optics” telescope designs like 

the Cassegrain, Ritchey-Chrétien and Newtonian types.    

 

Q and ε are selected as key optical design parameters, so spatial response models can be 

assessed in the (Q, ε) plane.  

 

To illustrate the application of this methodology we assess the separable PSF model. The 

following types of arguments to validate the usage of (1) are found in the literature:  

 

1.  Present it as a property of the PSF (Cracknell 1998, Zhang et al. 2014, Peng et al. 2015, 

Pahlevan et al. 2016, Zhu et al. 2021). 

 

2.  Identify it as a suitable approximation or assumption (Markham 1985, Forster and Best 

1994, Shea 1999, Chen et al. 2011, Ruiz and Lopez 2012, Radoux et al. 2016). 

 

3.  Cite works in which it has been already employed (Guo et al. 2010, Chen et al. 2011, Li et 

al. 2011, Rongjun and Jianya 2011, Stankevich 2021). 

 

4.  Justify its use with technical arguments (Khetkeeree and Liangrocapart 2018, Lin et al. 

2013, Campagnolo and Montano 2014, Luo et al. 2014).  

 

Despite the widespread use of (1), there is no rigorous assessment of its validity or 

accuracy. It has been stated that “its errors usually turn out to be small” (Chen et al. 2011, 

7182), but this claim is based on a single case study (Vollmerhausen and Driggers 2000). In 

this study, the authors considered an ideal optical sensor with square pixels and an unobstructed 

circular optical aperture (Q = 0.71, ε = 0), concluding that the maximum error of the following 

equation was less than 1 % (Vollmerhausen and Driggers 2000): 

 

PSF(𝑥, 𝑦) =  PSF(𝑥, 0) · PSF(𝑦, 0)                                               (4)   
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If the same single case study of (Vollmerhausen and Driggers 2000) is used to assess (1), 

the maximum error is now 95 %.   

 

The literature provides evidence that the utility of (1) needs to be further assessed. The 

recommendation to verify the validity of (1) before using it, was stressed in a work that lay the 

foundations of the slanted edge method (Reichenbach et al. 1991).  By way of example, the use 

of (1) to estimate the PSF was shown to yield poor image restoration results for SPOT satellite, 

so the separable PSF model was empirically modified to improve them (Ruiz and Lopez 2012).  

The striking differences between the PSF measured before launch and the PSF estimated by 

(1) has also been graphically illustrated (Ando and Tanaka 2019). Finally, the need of future 

research to study the domain of validity of (1) for different optical systems has been identified 

(Skauli and Torkildsen 2019) but, to the best of the authors’ knowledge, such a study has not 

been performed. 

 

Therefore, the objective of this paper is to propose a new methodology to assess spatial 

response models by assuming a generic sensor that allows the computation of the error of these 

models as a function of the key optical design parameters. This methodology is illustrated by 

assessing the separable PSF model (1), assuming a generic satellite imager with annular optical 

aperture and square pixels, and computing the error of this model as a function of Q and ε.  

 

Section 3.2 presents the relevant data and procedures required to assess spatial response 

models for Earth viewing satellite imagers. Section 3.3 exemplifies the results of the 

application of the previous procedures to the assessment of the separable PSF model (1). 

Section 3.4 discusses the relevance and limitations of our study.   

 

3.2. Materials and Methods 

 

3.2.1. Domain of interest in the (Q, ε) plane  

 

Assuming a generic sensor with annular optical aperture and square pixels, the accuracy 

of spatial response models can be assessed as a function of the optical factor Q and the 

obstruction ratio ε. To consider a broad domain of optical designs, Q and ε are treated as 

continuous independent variables. This section defines the domain of interest of Q and ε for 

satellite imagers.  

 

3.2.1.1.  Optical factor - Obstruction ratio (Q, ε) plane 

 

Table 3.1 presents (Q, ε) data for some representative spaceborne imagers for Earth 

observation, each imager has the number of channels or bands indicated in the third column. 

The optical factor was computed for each one of these channels.  Table 3.1 indicates the 

minimum and maximum Q values computed for each imager. 

 

Optical factors were computed from data given in the references cited in Table 3.1, 

assuming that the wavelength λ of (2) is the center wavelength of the channel’s spectral 

response. For rectangular pixels, the pitch p of (2) is assumed to be the square root of the pixel’s 

area. 

 

Obstruction ratios were computed as the ratio of the secondary and primary (focusing) 

mirrors’ diameters. If these diameters were not available, they were estimated analyzing 

photographs of the optical aperture.  
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Table 3.1: Optical factor Q and linear obstruction ratio ε data for satellite imagers 

 

Satellite Imager 
N° of 

channels 

Q 
ε References 

Min. Max. 

AlSat 2 NAOMI 5 0.17 0.81 0.31 Luquet et al. 2008 

GaoFen 2 PAN & MS 5 0.18 1.01 0.25 Cheng et al. 2017, Huang et al. 2018 

Global 4 SpaceView 24 4 0.97 1.30 0.25 Saunier 2021, SpaceView 2024 

GOES 16 ABI 16 0.076 1.36 0.00 Geo-Kompsat-2 2024, NASA 2019 

KompSat 3 PAN & MS 5 0.17 0.93 0.28 SESO 2024, Kompsat-3 2024 

Landsat 1 MSS 4 0.029 0.048 0.44 Slater 1979, Mika 1997   

Landsat 9 OLI 8 0.077 0.38 0.00 Figoski et al. 2009, Morfitt et al. 2015 

Pleiades HiRI 5 0.19 0.99 0.26 Lamard et al. 2004, Pleiades-HR 2024  

Satellogic MS 4 0.71 1.22 0.36 Satellogic 2024 

Sentinel 2 MSI 12 0.068 0.42 0.00 Sentinel-2 2024 

SSOT NAOMI 5 0.21 1.28 0.31 Luquet et al. 2008 

SuperDove PSD.SD 8 0.80 1.57 0.43 Kim et al. 2021 

 

3.2.1.2. Domain of optical factors 

 

The optical factor of Earth observation satellites is usually smaller than 1.5 due to spatial 

resolution and Signal to Noise Ratio (SNR) considerations (Fiete 2010, 118). Based on Table 

3.1, a domain 0.01 ≤ Q ≤ 2 will be selected to assess the spatial response models for satellite 

imagers. 

 

3.2.1.3. Domain of obstruction ratios 

 

Obstructed apertures are popular because they allow more compact designs than 

unobstructed apertures. A maximum obstruction ratio ε = 0.5 has been estimated as convenient 

(Lin et al. 2020) and, as Table 3.1 suggests, satellite imagers seem to follow this guideline. 

Based on the previous data and considerations, a domain 0.0 ≤ ε ≤ 0.5 will be selected for our 

purposes. 

 

3.2.2. Minimum point spread function level to be assessed  

 

3.2.2.1. Basic equation 

 

It is necessary to define until what minimum PSF level, named PSFmin, will the spatial 

response models be assessed.   

 

The PSF should only be modelled until a minimum level that has practical significance; 

PSF model’s errors which generate image signal errors smaller than the random signal 

fluctuations due to image noise are irrelevant.    

 

To estimate PSFmin we initially assume a scene with a uniform background which generates 

a signal B on the image. If the background signal to noise ratio is SNRB and a Gaussian noise 

distribution is assumed, the background signal will fluctuate with a standard deviation (Fiete 

and Tantalo 2001):                                                          

 

𝑁 =  
𝐵

SNR𝐵
                                                                              (5)                                      

                                    

We now assume that a single point source in the scene generates a peak signal P in the 

image’s pixel where the position of this source is represented. This is illustrated in Figure 3.1 
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for a point source’s position presented at pixel 10. The contribution of the point source to the 

peak signal is:  

 

                              𝛥𝑆𝑃 =  𝑃 –  𝐵                                                                (6)                                   

           

 
 

 

 

 

 

The PSF usually extends through more than one pixel, so the point source will also 

increase the signal in adjacent pixels, in direct proportion to the PSF intensity at these pixels. 

If the point source’s position is represented at the center of a pixel with coordinates (0,0) and 

the center of an adjacent pixel is at coordinates (x, y), the signal increase at this later pixel is:  

 

𝛥𝑆(𝑥, 𝑦) = 𝛥𝑆𝑃(0,0) 
𝑃𝑆𝐹(𝑥,𝑦)

𝑃𝑆𝐹(0,0)
                                               (7)

                                                

The signal increase ΔS will be detected only if it is substantially larger than the 

fluctuations of the background signal due to image noise. The minimum signal increase that 

can be observed will be associated to the minimum PSF level of interest. Assuming                   

PSF(0,0) = 1, equations (6) and (7) yield: 

 

            𝛥𝑆𝑚𝑖𝑛 = 𝛥𝑆𝑃 · PSF𝑚𝑖𝑛  = (𝑃 − 𝐵) PSF𝑚𝑖𝑛                                             (8)                                        
             

For simplicity we apply Rose criterion, which states that the minimum detectable ΔS 

should be five times greater than the standard deviation of the background noise (Maidment 

2014): 

      

𝛥𝑆𝑚𝑖𝑛 = 5 𝑁 = 5 
𝐵

SNR𝐵
                                                                 (9)                                                                                                                           

Figure 3.1: One dimensional illustration of the PSF adjacency effect. A single point source’s position 

represented at pixel 10 generates a peak signal P in this pixel and also increases the signal level in adjacent 

pixels 6 to 9 and 11 to 14. The signal increase ΔS in adjacent pixels 8 and 12 will be detected only if it is 

substantially larger than the background signal fluctuations due to image noise. 
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Equating the rightmost members of equations (8) and (9), we obtain: 

 

 PSF𝑚𝑖𝑛 =  
5

(𝑅  − 1) SNR𝐵 
                                                          (10)                                                         

  

Where R = P/B is the peak signal to background signal ratio. 

 

The possible ranges of variation for R and SNRB are now analyzed. 

 

3.2.2.2. Peak signal to background signal ratio 

 

The relevant peak signal to background signal ratio R is application dependent. Assuming 

that the signal is proportional to the radiance, the maximum ratio R, cannot exceed the extreme 

radiances ratio of the sensor, defined as the ratio between the maximum and minimum 

measurable radiances. Some examples of this ratio, which can be considered a measure of the 

dynamic range of the sensor, are presented in Table 3.2.   
 

                         Table 3.2: Examples of extreme radiances ratio “R” for satellite imagers 

 

Satellite Imager 
N° of 

channels 

Extreme radiances ratio 
References 

Minimum Maximum 

Landsat 4 TM 6 4 16 Mika 1997  

Landsat 8 OLI 9 14 540 Ren et al. 2014  

Pleiades HiRI 5 26 45 Kubik and Pascal 2004  

Sentinel 2 MSI 13 37 900 Sentinel-2 2004  

 

In practice R will rarely achieve the extreme radiances ratio. An example with high R 

values is fire detection at infrared wavelengths, in this case measured R ratios were 50 and 1.5 

for the 3.9 and 11.3 μm channels, respectively (Wu et al. 2020). 

 

We conclude that the evolution of satellite sensor’s dynamic range has allowed the peak 

to background signal ratio R to exceed 1000, but that in practice this ratio will be usually less 

than 100. 

  

3.2.2.3.  Background signal to noise ratio   

 

Several metrics are used to compute SNR, but for our purposes we consider only sensor-

based and image-based metrics (Fiete and Tantalo 2001). Table 3.3 shows some examples of 

sensor-based SNR requirements for satellite imagers and Table 3.4 compares, the sensor-based 

requirements and measurements with the image-based SNR values provided in (Radoux et al. 

2016) for five satellite channels. Although measured sensor-based SNR is higher than the 

specification, the image-based SNR is always smaller than this same specification. 

 

We conclude that the evolution of sensor performance has allowed the maximum possible 

background (sensor-based) signal to noise ratio to exceed 1000, but that in practice this (image-

based) ratio will be usually less than 100.  
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Table 3.3: Examples of signal to noise ratio requirements for satellite imagers 

 

 

 

 

 

 

 

 

Table 3.4: Comparison of signal to noise ratio metrics for five satellite imaging channels 

 

 

3.2.2.4. Minimum point spread function’s reference levels 

 

The evolution of sensor performance has increased the dynamic range, the signal to noise 

ratio and the optical factor of satellite imagers, so the probability that images are affected by 

the PSF adjacency effect has also increased. The exact requirement for the minimum PSF value 

of interest must be established in a case-by-case basis, using equation (10) as a guideline. 

 

For our purposes we will select two PSFmin reference values: 0.1 and 0.01. For example, 

if SNRB = 50, the PSFmin = 0.1 value is applicable for R = 2 and the PSFmin = 0.01 value is 

applicable for R = 11. Although in some cases smaller PSFmin values may be required, it will 

be shown that equation (1) has high errors already for PSFmin = 0.01, thus, there is no need to 

consider smaller PSFmin values to assess its domain of validity.  

 

3.2.3. Point / line spread function computation  

  

To assess spatial response models in the (Q, ε) plane, we employ the same generic sensor 

used in (Valenzuela et al. 2022) to represent a High-Quality (HQ) satellite imager with the 

purpose to assess spatial resolution metrics. Instead of the circular (unobstructed) aperture            

(ε = 0) used by (Valenzuela et al. 2022) we study the more general case of an annular aperture 

(ε ≥ 0). This section describes the procedures and assumptions used to compute the PSF and 

the LSF of this model as a function of Q and ε.  

 

The system PSF is computed as the inverse Fourier transform of the two-dimensional 

system Optical Transfer Function (OTF). The system OTF is computed versus the spatial 

frequencies in Along Scan (AS) and Cross Scan (CS) directions, in what follows denominated 

Satellite Imager 
N° of 

channels 

Required Sensor SNR 
References 

Minimum Maximum 

Aqua MODIS 19 57 1087 Barnes et al. 1998   

Landsat 1 MSS 4 38 77 Mika 1997   

Landsat 7 ETM+ 7 16 41 Iron et al. 2012   

Landsat 8 OLI 7 80 130 Iron et al. 2012   

Pleiades HiRI 5 90 90 Lamard et al. 2004   

Sentinel 2 MSI 13 50 174 Sentinel 2 2004   

Sentinel 3 OLCI 20 203 2188 S3MPC 2021   

Satellite 
Channel N° 

(Name) 

Sensor-based SNR Image-

based SNR References Required Measured 

Landsat 8 4 (Red) 100 227 21 Irons et al. 2012, Morfitt et al. 2015, 

Radoux et al. 2016  

SPOT 5 2 (Red) 100 166 57 CNES 2013, Radoux et al. 2016 

Sentinel 2 4 (Red) 142 230 88 Radoux et al. 2016, Gascon et al. 2017 

Sentinel 2 5 (Red edge) 117 253 50 Radoux et al. 2016, Gascon et al. 2017 

Sentinel 2 11 (SWIR1) 100 158 31 Radoux et al. 2016, Gascon et al. 2017 
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fx and fy, respectively, using the procedure described below. Once the OTF is known, the PSF 

is computed as the 2D Inverse Fourier Transform (IFT) of the OTF:  

 

                                            PSF(𝑥, 𝑦)  =  IFT[OTF(𝑓𝑥, 𝑓𝑦)]                                                  (11) 

 

A real-valued OTF is assumed so PSF(x,y) = PSF(-x,-y) and LSF(x) = LSF(-x) (Williams 

and Becklund 2002, 204-208). The OTF must be considered instead of its absolute value (MTF) 

as negative OTF values are encountered for Q < 1. 

 

The system LSFs are computed as the IFT of a one-dimensional cut of the system OTF: 

 

  LSFx(𝑥)  = IFT[OTF(𝑓𝑥, 0)]                                                       (12)     

 

    LSFy(𝑦)  =  IFT[OTF(0, 𝑓𝑦)]                                                       (13)     

 

The system OTF is computed as the product of all factors that contribute to the spatial 

response of the sensor. Among these factors the most important are: 1) optics; 2) detector; 3) 

line of sight scan; 4) atmosphere; and 5) image reconstruction. For our purpose we consider 

only the first three factors as described below. We assume that Q is varied at a given wavelength 

by changing the pixel pitch p as it is usual when a given volume is assigned to an imager on 

board a satellite platform (optical aperture and focal length are fixed).     

 

3.2.3.1. Optics 

 

An annular aperture affected by random optical aberrations and line of sight jitter (high 

frequency random oscillations) is assumed. The OTF of an annular aperture is well known 

(Fiete 2010, equation 5.35); when ε = 0 it reduces to the OTF of a circular aperture. We assume 

well-focused optics and neglect defocusing effects (Boreman 2021, 27). 

 

Random wavefront errors are modeled through Shannon’s empirical OTF equation (Fiete 

2010, equation 5.49), assuming that the root mean square error of the wavefront error is 0.1 

wavelength, a value characteristic of a high-quality optical system (Shannon 2010).  

 

A Gaussian OTF model is assumed for the random Line Of Sight (LOS) jitter (Fiete 2010, 

equation 7.11) with a standard deviation of 0.1 pixel for Q  = 1, a value representative of a 

high-quality line of sight attitude control (Ye et al. 2020).  To consider that higher Q sensors 

are more susceptible to motion blur (Fiete 2010, 122), a constant jitter is assumed so its standard 

deviation in pixel units is proportional to Q.   

 

3.2.3.2. Detector 

 

A focal plane array of square pixels with 100 % fill factor is assumed. The OTF of this 

detector array is well known (Boreman 2021, equation 2.2). Charge diffusion is modelled with 

a Lorentz function (Davis et al. 1998) using an effective diffusion length parameter of 0.1 pixel 

for Q = 1, a value representative of a high-quality detector (Rafol et al. 2018).  To consider that 

smaller pixels are more affected by diffusion effects (Davis et al. 1998), a constant diffusion 

length is assumed so in pixels units this length is proportional to Q.  
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3.2.3.3. Scan speed  

 

A constant scan speed in x direction with “exact” sampling is assumed. In this case the 

effective pixel sampling width is equal to the physical pixel pitch (Cota e al. 2010, equation 

27) and the corresponding scan OTF is well-known (Fiete 2010, equation 7.6). This scan OTF 

is applicable to Low Earth Orbit (LEO) push broom scanners, LEO push frame scanners, and 

Geostationary Orbit raster scanners. It also approximately applicable to LEO whiskbroom 

scanners whose LOS speed along track is much slower than its LOS speed along scan.   

 

3.2.3.4.  System optical transfer function  

 

 The previous assumptions allow the system OTF to be computed as a function of the 

optical factor Q and the obstruction ratio ε. This computation is performed for each 

combination of Q and ε values by varying the spatial frequencies in x and y directions at 

intervals: 

 

δ𝑓𝑥 = δ𝑓𝑦 =  
 𝐹𝑆

𝑁𝑆 
                                                                (14)                                                            

  

Where δfx and δfy are the spatial frequency resolution of the fast IFT in in x and y 

directions, respectively, FS is the sampling frequency employed for the IFT in cycles per pixel 

and NS is the number of IFT samples in both directions.  

 

3.2.4. Assessment of separable point spread function model 

 

The flowchart to assess the separable PSF model is presented in Figure 3.2. For given 

values of Q and ε, the actual PSF is compared with the PSF estimated by the separable PSF 

model of equation (1).  The errors of equation (1) are computed for PSFmin = 0.1 and            

PSFmin = 0.01, within the sector of interest in the (Q, ε) plane, using the Mean Absolute 

Percentage Error (MAPE) metric.  

 

The optical factor Q was varied between 0.01 and 2, at intervals δQ = 0.01, and the 

obstruction ratio ε was varied between 0.0 and 0.5, at intervals δε = 0.01, totaling 10200 

channel points. This high number of points allows constant MAPE contours to be drawn in the 

(Q, ε) plane. 

 

A value MAPE = 10 % was selected as the boundary of the domain of validity for the model 

defined by equation (1), considering that the maximum error is usually two to four times larger 

than the MAPE. As shown in the results, the MAPE = 10 % contours of equation (1) in the (Q, 

ε) plane, are roughly parallel to the obstruction ratio axis. Thus, to simplify the definition of 

the validity region, the domain of validity of equation (1) was defined as the maximum Q value 

for which MAPE < 10 % for any value of ε ≤ 0.5.  

 

3.2.5. Validation methods 

 

The fast Inverse Fourier Transform (IFT) algorithms used to compute the PSF and LSFs 

have numerical errors due to the finite number of samples and the floating-point arithmetic. 

These errors are reduced by decreasing the spatial frequency resolution at the expense of an 

increase in computer time.  
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To validate the IFT algorithms their errors were estimated by using the analytic PSF and 

LSF for a circular aperture (Tschunko 1978) and the LSF computed via the Edge Spread 

Function integrals (Fiete 2010, equations 11.11 – 11.12). FS and NS were selected so that the 

maximum IFT error was below 0.1 %.  
`

 
 

 

 

 

 

 

 

 

3.3. Results 

 

Seven contours of constant MAPE for the separable PSF model defined by equation (1) 

are shown in Figure 3.3 for PSFmin = 0.1. The conclusions are: 1) errors below 1 % are obtained 

for Q ≤ 0.03; 2) errors below 5 % are obtained for Q ≤ 0.16; and 3) errors below 10 % are 

obtained for Q ≤ 0.35. The maximum error in the upper right corner of the (Q, ε) plane is 64 

%. The domain of validity of equation (1) is Q ≤ 0.35.   

 

Seven contours of constant MAPE for the separable PSF model defined by equation (1) 

are shown in Figure 3.4 for PSFmin = 0.01. The conclusions are: 1) errors below 10 % are 

obtained for Q ≤ 0.04; and 2) errors above 40 % are obtained for Q ≥ 0.42. The maximum error 

in the upper right corner of the (Q, ε) plane is 73 %. The domain of validity of equation (1) is 

Q ≤ 0.04. 

Figure 3.2: Flowchart of the procedure to assess the separable PSF model. For a given optical factor Q 

and obstruction ratio ε, the Point Spread Function (PSF) estimated by the model defined by equation (1) 

is compared with the actual PSF. The Mean Absolute Percentage Error of this model is computed 

considering all PSF values larger or equal than the minimum PSF level that is relevant to the application 

(PSFmin). An analogous procedure (actual versus estimated PSF or LSF) can be used to assess other 

spatial response models. 
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Figure 3.3: Mean Absolute Percentage Error (MAPE) of separable PSF model for PSFmin = 0.1. Contours 

of constant MAPE are drawn for the Separable Point Spread Function model in the optical factor Q - 

obstruction ratio ε plane. This model has smallest errors for smallest values of Q and ε, and largest errors 

for highest values of Q and ε.  

Figure 3.4: Mean Absolute Percentage Error (MAPE) of separable PSF model for PSFmin = 0.01. Contours 

of constant MAPE are drawn for the Separable Point Spread Function model in the optical factor Q - 

obstruction ratio ε plane. This model has small errors for very small values of Q and large errors elsewhere.  
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3.4. Discussion 

 

3.4.1. Key Results 

 

1. A new methodology to assess spatial response models.     

 

A new methodology is proposed to assess spatial response models for satellite imagers, it is 

based on a generic theoretical sensor whose PSF is fully characterized by a few key optical 

design’s parameters.  The Mean Absolute Percentage Error (MAPE) of the spatial response 

model under assessment, is computed as a function of these key parameters for all PSF 

values larger or equal than a minimum PSF level of interest named PSFmin.  

 

A generic sensor with square pixels and annular optical aperture was used to implement this 

methodology, selecting the optical factor Q and the obstruction ratio ε of the optical aperture 

as key design parameters. This approach allows constant MAPE contours of the model under 

assessment to be represented in the (Q, ε) plane.  

 

The detection of a point source over a homogeneous background is used to estimate PSFmin.   

Minimum PSF levels at one (PSFmin = 0.1) and two (PSFmin = 0.01) orders of magnitude 

below the PSF’s peak level were selected for assessment purposes. 

 

2. Separable PSF model is only useful for low optical factors. 

 

The previous methodology was applied to a generic High-Quality (small imperfections) 

imager with square pixels and annular optical aperture. The sensor’s imperfections (optical 

aberrations, charge diffusion and line of sight jitter) were modelled in such a way that its 

PSF depends only on Q and ε. 

 

The MAPE of the separable PSF model was computed at more than ten thousand points in 

the (Q, ε) plane, for minimum PSF levels at one and two orders of magnitude below peak 

level, yielding domains of validity (MAPE < 10 %) of Q ≤ 0.35 and Q ≤ 0.04 respectively. 

Thus, even in the best case (PSFmin = 0.1), the separable model is only useful for relatively 

low optical factors.  

 

3.4.2. Interpretation of results 

 

Equation (1) is valid if the system OTF is separable, this requires that all OTF factors are 

separable (Gaskill 1978, 307). Although the scan OTF is separable, the only optics and detector 

geometries with a separable OTF are the square and the rectangle. In our case the detector 

elements are square, so the detector OTF is separable, but the optical aperture is annular, so the 

optics OTF is non-separable. The three imperfection factors are radially symmetric, so they are 

non-separable, but these imperfections are small for a high-quality imager, so they have a 

relatively minor impact in the overall separability of the system OTF. 

 

For a given obstruction ratio ε, the errors of equation (1) increase as the optical factor Q 

increases. This is to be expected, as for a low Q the system OTF is dominated by the OTF of 

the square detector, which has a separable OTF, whereas for a high Q the system OTF is 

dominated by the OTF of the annular optical aperture, which has a non-separable OTF.   
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For a given optical factor Q, the errors of equation (1) increase as the obstruction ratio ε 

increases. This is due to the fact that as ε increases, the LSF deviates further from the PSF cut 

at a given PSF level.  This property is inherent to the annular aperture (Tschunko 1978), so it 

is more evident in Figures 3.3 and 3.4 for the higher optical factors in which the non-separable 

OTF of the optical aperture predominates over the separable OTF of the detector elements. 

 

3.4.3. Implications of Results 

 

1. Procedures that assess spatial response models considering a specific type of optical design 

are biased. 

 

The procedures that assess spatial response models by assuming a specific type of imager 

or optical design are biased because they neglect the strong dependence of the model’s errors 

on the optical design.   

 

2. New methodology allows different spatial response models to be assessed. 

 

The assessment methodology proposed in this work uses a generic imager to compare the 

actual spatial response with the model’s estimated spatial response. The parameters of the 

optical design are treated as independent variables to compute the MAPE of the model as a 

function of these parameters. This methodology allows an assessment of different types of 

spatial response models for a broad domain of optical designs.  

 

3. New methodology is conveniently applied in the (Q, ε) plane. 

 

The new assessment methodology was applied to a generic imager with annular optical 

aperture and square detector elements, selecting the optical factor Q and aperture obstruction 

ratio ε as key optical design parameters. This approach allows the computation of constant 

MAPE contours in the (Q, ε) plane, providing a convenient graphical view of the domain of 

applicability of the model under assessment. 

 

4. Separable PSF model can lead to gross errors. 

 

The widespread usage of equation (1) can be traced to the low optical factors encountered 

in the early satellite imagers, for which it was a good approximation, although its inadequacy 

for some satellite imagers had already been noted (Ruiz and Lopez 2012, Ando and Tanaka 

2019). Equation (1) is a useful PSF estimator within its domain of validity; our results 

quantify its poor performance for high optical factors. 

 

The same type of results obtained for the separable PSF model are expected for any spatial 

response model assessed: it will have low errors in some regions of the (Q, ε) plane and 

large errors in other regions. 

 

5. Domain of validity of the separable PSF model is too small for lower PSF levels.  

 

When the PSF is modelled down to two orders of magnitude below its peak level, the domain 

of validity of the separable PSF model is reduced to Q ≤ 0.04. For Q > 0.04, other types of 

models are required in this case to reconstruct the PSF from LSF measurements. 
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3.4.4. Limitations and future work 

 

The results presented are valid for the generic sensor herein considered. Although this 

sensor is representative of many satellite imagers, different geometries or quality assumptions 

will yield different results. For example, if a Medium-Quality imager is assumed instead of a 

High-Quality imager (Valenzuela et al. 2022), the three non-separable OTFs that account for 

optical aberration, line of sight jitter, and detector’s charge diffusion, will force a non-separable 

spatial response at lower optical factors. Thus, the domain of validity of equation (1) will be 

further reduced. 

 

The generic sensor assumed in this work may be modified to represent other types of 

satellite imagers. For example, the following modifications, for which the respective OTF 

factors are known, may be easily performed: 1) partial pixel fill factors (Fiete 2010, equation  

6.31); 2) square optical apertures Boreman 2021, equation 1.26); 3) non-square pixel 

geometries (Fliegel 2004); 4) pixel over-sampling (Fiete and Tatalo 1999); 5) time delay 

integration with pixel clock-phasing (Fiete 2010, equation 7.8); and 6) polychromatic radiation 

(Cota et al. 2010, equation 40).   

 

3.5. Conclusion  

 

This paper proposes a new methodology to assess spatial response models by assuming 

a generic sensor that allows the computation of the error of these models as a function of the 

key optical design parameters.   

 

The underlying premise, supported by the literature, is that the actual shape of the PSF is 

critically dependent on the optical design of the imaging sensor, so any spatial response model 

may show low errors for some designs and high errors for others. Thus, the assessment of a 

spatial response model using a single optical design is biased; an unbiased assessment must 

account for a broad range of optical designs. This requirement is impractical with actual 

imagers as an almost endless variety of optical designs can be devised, but it can be addressed 

by considering a generic theoretical imager in which the key optical design parameters are 

treated as independent variables. 

 

For a generic sensor with square pixels and annular optical aperture, the optical factor Q 

and the aperture obstruction ratio ε are selected as key optical design parameters. This new 

approach allows spatial response models to be conveniently assessed in the (Q, ε) plane.  

 

The (Q, ε) plane approach was used to assess the popular separable PSF model defined 

by equation (1). This model is characterized by small errors for low optical factors, such as 

those employed in the early satellite imagers. The evolution of the instrument design and 

performance, and the advent of image processing techniques, has yielded many imagers with 

much higher optical factors for which equation (1) is not applicable. 

 

Other spatial response models that can be assessed by using this same methodology 

include analytic PSF models, analytic LSF models, and the one-dimensional Hankel transform 

model.  

 

This work advances the assessment and application of spatial response models for 

satellite imagers in two ways. Firstly, by proposing a general assessment methodology for 

spatial response models in which the parameters of the optical design take the role of 
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independent variables. Secondly, by defining the domain of validity of the model defined by 

equation (1), a popular model which is arbitrarily applied to all satellite imagers without 

considering its high errors outside this domain.  
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4.1. Introduction 

 The spatial response of satellite imagers is characterized by their Point Spread Function 

(PSF), a two-dimensional (2D) function that describes how a single point source in the scene 

is represented in the image plane (Schowengerdt 2007, Chapter 3, Section 3). The PSF is 

usually estimated in orbit by imaging two edges in perpendicular directions, assuming that this 

function is separable (Bensebaa et al. 2004, Campagnolo and Montano 2014, Pahlevan et al. 

2016, Radoux et al. 2016, Ando and Tanaka 2019, Stankevich 2021, Zhu et al. 2021). This 

work proposes a new three-edge method for those satellite sensors for which the two-edge 

method fails. 

 An edge measurement allows the derivation of the one-dimensional (1D) Line Spread 

Function (LSF) in a direction perpendicular to the edge (Pagnutti et al. 2010, Viallefont-

Robiner et al. 2018). The Separable PSF model assumes that the PSF is equal to the product of 

two perpendicular LSFs:  

 

                PSF(𝑥, 𝑦) =  LSF𝑥(𝑥) · LSF𝑦(𝑦).                                         (1)     

 

It has been recently shown that the Separable PSF model (1) is only applicable for Q ≤ 

0.35 in the case of a high-quality satellite sensor system (Valenzuela et al. 2023), where Q is 

the optical factor, a non-dimensional parameter that gauges the relative importance of the optics 

and the detector in the spatial response of the sensor (Fiete 2010, Chapter 8). Q is here defined 

for a sensor with an annular optical aperture of diameter D, detecting monochromatic radiation 

of wavelength λ, which is focused through a focal length F into a detector array of square pixels 

with pitch p: 

 

                                        𝑄 =  
𝜆

𝐷
  

𝐹

𝑝  
 .                                                                        (2)     

                          

Currently, the Separable PSF two-edge method is used for all types of satellite imagers, 

but now that its limitations have been established, the need for a new method to complement it 

arises. The objective of this work is to propose a new three-edge method to estimate the PSF 

of those satellite imagers for which the two-edge method fails. Both methods assume that the 

spatial response has quadrant symmetry.  

 

Section 4.2 presents the methodology to assess the three-edge method. Section 4.3 shows 

the results of the application of the previous methodology. Section 44. discusses the relevance 

and limitations of our work. 

 

4.2. Materials and Methods 

 

4.2.1. Edge measurements 

 

Edge targets are routinely used to measure the spatial response of satellite imagers 

(Pagnutti et al. 2010, Viallefont-Robiner et al. 2018). The popularity of this procedure has led 

to its continuing improvement (Roland 2015, Van den Bergh 2019, Nishi 2023). 

   

Any straight boundary between a low brightness zone and a high brightness zone in the 

scene, can be used as an edge target. For satellite imagers either natural or manmade edge 

targets are employed. For Geostationary Orbit (GEO) imagers, usual targets are the Moon 



                
Chapter 4                                                                    A new method to estimate the point spread function  

78 
 

  

(Wilson and Xiong 2019) and straight coastlines (Okuyama et al. 2015, 10). For Low Earth 

Orbit (LEO) imagers, special checkerboard targets and deployable tarps are preferred, although 

agricultural fields and canals have also been used (Pagnutti et al. 2010). 

 

Figure 4.1 shows the steps to implement the edge procedure. The region of interest that 

contains the edge is identified and the edge’s position and orientation are modelled. The edge 

should be at an angle with the orientation of the pixel array, so an oversampled version of the 

Edge Spread Function (ESF) - in a direction perpendicular to the edge - can be recovered. The 

Line Spread Function (LSF) is equal to the derivative of the ESF, and the one-dimensional 

Optical Transfer Function cut (OTF1D) is equal to the inverse Fourier transform of the LSF.   

 

 
 

 

 

 

Each one of these steps has its own technical problems due to aliasing and image noise, 

so in the pursuit of accuracy, different procedures have been developed for each one of them 

(Roland 2015, Van den Bergh 2019, Nishi 2023). This variety of procedures has led to 

conflicting results between different implementations of the edge method for satellite imagers 

(Viallefont-Robinet et al. 2018). The review of the different approaches to edge measurements 

is out of the scope of this work, for our purposes we simply assume that for each measured 

edge an OTF1D cut is obtained as result. 

 

Satellite imagers usually scan a narrow field of view across the scene to produce the full 

image. This scan can be generated by the satellite movement along its orbit as in LEO push-

broom scanners, or by mechanical means as in LEO whisk-broom scanners (Schowengerdt 

2007, Chapter 1) or in GEO raster scanners (Schmit et al. 2017).  

 

Figure 4.1: Four steps of the edge measurement procedure. Its input is an image of a straight edge, and its 

output is a one-dimensional cut of the Optical Transfer Function (OTF1D) in a direction perpendicular to 

this edge. The steps are: 1) a slanted edge in the image is identified and modelled; 2) the Edge Spread 

Function (ESF) is found from the image pixel counts as a function of the distance to the edge; 3) the Line 

Spread Function (LSF) is obtained as the derivative of the ESF; and 4) the inverse Fourier transform of the 

LSF yields the OTF1D. 
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The LSF and the OTF1D are usually edge-measured along two perpendicular directions, 

Along Scan (AS) and Cross-Scan (CS), in what follows denominated x and y, respectively. 

 

The modulus of the 2D OTF is the 2D Modulation Transfer Function (MTF) and this 

later term is usually employed in the satellite community instead of OTF. We use the term OTF 

as for satellite imagers it may take negative values (OTF < 0), so in general it cannot be replaced 

by the MTF.  

 

4.2.2. Point spread function models 

 

4.2.2.1. Assessment procedure 

 

The assessment of an edge method to estimate the PSF requires knowledge of the 2D 

PSF and the 1D LSFs involved, but this is seldom the case for satellite imagers. Even if a sensor 

that satisfies this requirement was available, an edge method could only be assessed for this 

particular sensor. To solve this problem, a new methodology has been proposed to assess PSF 

models for different types of satellite imagers, using the optical design parameters of a generic 

sensor as independent variables (Valenzuela et al. 2023). We follow (Valenzuela et al. 2023) 

where Q and the linear obstruction ratio ε of an annular aperture (ratio between its internal and 

external diameters) have been selected as optical design parameters. 

 

Figure 4.2 shows the flowchart of the method to assess a PSF model in the (Q, ε) plane.  

 

 

Figure 4.2: Flowchart of the procedure to assess a Point Spread Function (PSF) model. A generic sensor 

system is defined and used to compute the actual two-dimensional Optical Transfer Function (OTF) and the 

actual PSF for a given optical factor Q and obstruction ratio ε. The data required to build the PSF model under 

assessment is computed and the PSF predicted by this model is calculated as a function of Q and ε. The PSF 

predicted by the PSF model is compared with the actual PSF to compute the Mean Absolute Percentage Error 

(MAPE) of this model as a function of Q and ε. The MAPE is computed in the (x, y) plane considering all 

actual PSF values larger or equal than the minimum PSF level that is relevant to the application (PSFmin). 
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To assess a PSF model, a generic sensor system is defined, and the actual 2D OTF of this 

sensor is computed as a function of Q and ε. The actual PSF of the generic sensor is computed 

as the 2D inverse Fourier transform of its actual OTF. The PSF model to be assessed is defined 

and the measurable data required to construct this model is computed using as input the actual 

OTF. With this data, the PSF model is constructed and the PSF predicted by this model is 

computed as a function of Q and ε. Finally, the Mean Absolute Percentage Error (MAPE) of 

the PSF model is computed in the (x, y) plane, comparing the actual and predicted PSF for all 

(x, y) points where the actual PSF is larger or equal to the minimum PSF level of interest 

(Valenzuela et al. 2023). 

 

We employ the same generic sensor system used to assess equation (1) (Valenzuela et al. 

2023). This sensor is representative of a typical high quality satellite imager, characterized by 

an annular optical aperture with a linear obstruction ratio ε, square pixels with 100 % fill factor, 

a scan in x direction with exact sampling, a detector’s charge diffusion length of Q/10 pixel 

and a spacecraft’s induced line-of-sight jitter with a standard deviation of Q/10 pixel. Optical 

aberrations are modelled via Shannon’s empirical OTF equation for random aberrations (Fiete 

2010, equation 5-49), assuming a root mean square wavefront error of 0.1 wavelengths.     

 

The actual and predicted PSF were computed at intervals δQ = δε = 0.01 within the 

domain 0.01 ≤ Q ≤ 2 and 0 ≤ ε ≤ 0.5, totaling 10200 MAPE calculations in the (Q, ε) plane. 

 

The domain of validity of the PSF model is defined as the region in the (Q, ε) plane where 

MAPE ≤ 10 %.  The assessment of (1) (Valenzuela et al. 2023) shows that for the Separable 

PSF model this domain is roughly described by the inequality Q ≤ – 0.24·ε + 0.47, which 

reduces to Q ≤ 0.35 for ε = 0.5. 

 

The MAPE = 10 % value was selected as an applicability threshold considering that this 

figure is a mean error value and that the maximum error is usually two to five times higher than 

the MAPE.   

 

4.2.2.2. Point spread function models considered 

 

Table 4.1 shows the two PSF models considered in this work. The Separable PSF model 

requires measurements along two perpendicular edges. The new three-edge model, to be 

defined below, requires an additional diagonal edge measurement.  

  
Table 4.1: Point spread function models for edge measurements. 

 
PSF Model Separable PSF Quadratic Interpolation 

Number of edges 2 3 

Model’s input data LSFx(x) and LSFy(y) OTF1D(ρ1), OTF1D(ρ2) and OTF1D(ρ3) 

Predicted PSF Equation (1) Equations (6) – (9) 

 

4.2.2.3. Quadratic Interpolation model  

 

A minimum number of edge measurements to estimate the PSF is desirable for satellite 

imagers. The Separable PSF model uses only two edges, but it fails for high Q (Valenzuela et 

al. 2023) so the possibility to use in this case a third edge is investigated.  
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The aim is to reconstruct the 2D spatial response from the three measured 1D cuts. This 

reconstruction must be necessarily performed in the spatial frequency domain, because for high 

Q the LSF along a given direction differs from the PSF cut in this same direction (Valenzuela 

et al. 2023). 

 

Let 𝜃 be the angle in the (x, y) plane measured with respect to the x axis (AS direction). 

A OTF1D cut is measured at a given angle 𝜃 as a function of the along-cut spatial frequency by 

using an edge orientated at angles 𝜃 + 90° or 𝜃 - 90°. To reconstruct the OTF from the OTF1D 

cuts it must be considered that the pixel sampling rate depends on 𝜃, so that each cut has a 

different along-cut spatial frequency (Reichenbach et al. 1991).  

 

The OTF is a 2D function of the spatial frequencies in AS and CS directions, represented 

as fx and fy, respectively. The OTF1D cuts are measured in radial direction, so to match them 

with the 2D OTF it is convenient to express it in polar coordinates (ρ, 𝜃), where ρ is the along-

cut spatial frequency. The conversion from rectangular to polar coordinates is well known, for 

our purpose the following equations are used: 

 

  𝜌 = (𝑓𝑥
2 + 𝑓𝑦

2)1/2 = 𝑓𝑥 · sec (𝜃) = 𝑓𝑦 · csc (𝜃)                                   (3) 

 

                         𝜃 = 𝑎𝑟𝑐𝑡𝑎𝑛(𝑓𝑦/𝑓𝑥 ).                                                      (4)     

 

For a given cut at an angle 𝜃i, the notation ρi represents the along-cut spatial frequency 

variable (not a constant radius!), computed as a function of fx or fy by replacing 𝜃 = 𝜃i in 

equation (3). If three 1D cuts represented as OTF1D(ρ1), OTF1D(ρ2), and OTF1D(ρ3) are 

measured at angles 𝜃1, 𝜃2, and 𝜃3, respectively, then the following equation must hold for i = 

1, 2 and 3: 

 

                        OTF(ρ𝑖  , θ𝑖) = OTF1D(ρ𝑖).                                          (5)           

                          

Considering that three OTF1D cuts are known, we can postulate the following quadratic 

model for the 2D OTF:  

 

             OTF(𝑓𝑥, 𝑓𝑦) = OTF(ρ, θ) = 𝐴 · 𝜃2 + 𝐵 · 𝜃 + 𝐶                         (6)                    

 

where A, B, C are three unknown two-dimensional functions, which can be found by requiring 

that at the three edges’ angles the 2D OTF model matches the respective measured OTF1D cut.  

 

A system of three linear equations with three unknowns is obtained by replacing the right 

side of equation (6) in the left side of equation (5), for i = 1, 2 and 3. The straightforward 

solution is: 

 

 𝐴(𝑓𝑥, 𝑓𝑦) = (
OTF1D(ρ1)−OTF1D(ρ2)

(𝜃1−𝜃2)(𝜃1−𝜃3)
−

OTF1D(ρ2)−OTF1𝐷(𝜌3)

(𝜃1−𝜃3)(𝜃2−𝜃3)
)                                   (7)    

                                     

 𝐵(𝑓𝑥, 𝑓𝑦) =  
 OTF1D(ρ1)−OTF1D(ρ2)

𝜃1−𝜃2
− 𝐴(𝑓𝑥, 𝑓𝑦) · (𝜃1 + 𝜃2)                                    (8)    

                                     

𝐶(𝑓𝑥, 𝑓𝑦) = 𝑂𝑇𝐹1𝐷(ρ1) − 𝐴(𝑓𝑥, 𝑓𝑦) · 𝜃1
2 − 𝐵(𝑓𝑥, 𝑓𝑦) · 𝜃1.                                   (9)  
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Once the functions A, B and C are found, the PSF predicted by the model is obtained as 

the 2D inverse Fourier transform of the right side of equation (6). In what follows we assume 
𝜃1 = 0, 𝜃2 = π/4, and 𝜃3 = π/2, although in practice the actual edges’ angles should be considered 

(Van den Bergh 2019, Figure 3), 

 

4.3. Results 

 

Figure 4.3 shows some constant MAPE contours in the (Q, ε) plane for the Quadratic 

Interpolation model when it is assessed for PSF ≥ 0.1. The domain of validity (MAPE ≤ 10 %) 

is approximately represented by Q ≥ – 0.08·ε + 0.10.  

 

 

 

 

 

Figure 4.4 shows some constant MAPE contours in the (Q, ε) plane for the Quadratic 

Interpolation model when it assessed for PSF ≥ 0.01. The domain of validity (MAPE ≤ 10 %) 

is approximately represented by Q ≥ – 0.36·ε + 0.49. 

 

Table 4.2 shows the domain of validity of the two PSF models considered in this work, 

  

For PSFmin = 0.1, both models are applicable in the domain – 0.08·ε + 0.10 ≤ Q ≤                        

– 0.24·ε + 0.47. The zone in the (Q, ε) plane where these two models achieve the same MAPE 

can be approximately represented by the equation of a straight line: 

 

   𝑄o(ε) = −0.16 · 𝜀 +  0.26                                                  (10)          

 

For a given imaging channel with known Q and ε, if Q < Qo(ε) then the model defined 

by equation (1) is preferable, otherwise the model defined by equation (6) is recommended. 

With this criterion the MAPE for PSFmin = 0.1 is less than 6 % in all the domain of interest. 

 

Figure 4.3: Mean Absolute Percentage Error (MAPE) of the Quadratic Interpolation Point Spread Function 

(PSF) model for PSFmin = 0.1. Contours of constant MAPE are drawn for the Quadratic Interpolation model 

in the optical factor Q - obstruction ratio ε plane, for the case of the generic sensor defined in the text. The 

domain where MAPE ≤ 10 % is approximately Q ≥ – 0.08·ε + 0.10.  
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                     Table 4.2: Domain of validity of point spread function models 

 

 

 

 

 

 

 

4.4. Discussion 

 

4.4.1. Key result  

 

The assessment of a high-quality generic sensor system has led to the conclusion that the 

new three-edge Quadratic Interpolation method complements the usual two-edge Separable 

PSF method. This result implies that, depending on Q and the aperture obstruction ratio, two 

or three edges are required to estimate a PSF that displays quadrant symmetry. 

 

Up to now, the three-edge method has not been used for satellite imagers since the two-

edge method was assumed to be adequate. The use of a third edge has been proposed and used 

for digital cameras in a single case study, but only for the purpose of checking whether the 

spatial response was separable or axially symmetric (Reichenbach et al. 1991). The use of a 

third edge to estimate a PSF that is neither separable nor axially symmetric has not been 

proposed before.  

 

With three edges, quadratic interpolation is the best option for high Q, because the 

constant PSF surfaces have a rounded pseudo-elliptical shape, which this later interpolation is 

PSF Model 
Domain of validity (MAPE < 10 %)                

PSFmin = 0.1 PSFmin = 0.01 

Separable PSF Q ≤ – 0.24·ε + 0.47  Q ≤ – 0.04·ε + 0.07  

Quadratic Interpolation Q ≥ – 0.08·ε + 0.10  Q ≥ – 0.36·ε + 0.49  

Figure 4.4: Mean Absolute Percentage Error (MAPE) of Quadratic Interpolation Point Spread Function 

(PSF) model for PSFmin = 0.01. Contours of constant MAPE are drawn for the Quadratic Interpolation PSF 

model in the optical factor Q - obstruction ratio ε plane, for the case of the generic sensor defined in the 

text. The domain where MAPE ≤ 10 % is approximately Q ≥ – 0.36·ε + 0.49. 
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able to estimate with low errors, whereas linear interpolation between adjacent OTF1D cuts, 

predicts constant PSF surfaces with a square shape, giving much larger estimation errors. 

 

4.4.2. Interpretation of results 

 

The new three-edge method has low errors for Q > 1 and high errors for Q << 1 because: 

 

1.  Quadratic interpolation gives perfect results for Q →∞ when the constant OTF contours 

take a circular shape (axially symmetric PSF and OTF). As Q decreases, the asymmetry 

induced by scan on these contours gets more pronounced, so the interpolation error for the 

OTF’s main lobe increases.  

 

2. For Q < 1, the OTF exhibits secondary lobes, and quadratic interpolation is not able to 

reconstruct the actual shape of these lobes which increase in number as Q decreases.   

 

For a given Q, the errors of the model defined by equation (6) decrease as the obstruction 

ratio increases, because the constant OTF contours of the optics OTF are circles (axial 

symmetry), and as ε increases, the optics OTF decreases, giving a more circular shape to the 

constant system OTF contours. 

 

4.4.3. Implications of results 

 

The failure of the two-edge method for Q > 0.5, implies that for higher Q, at least three 

edges are required to reconstruct the PSF from edge measurements.    

 

To implement the three-edge method it must be considered that the popular checkerboard 

targets allow only two perpendicular edges to be measured, thus, two sets of checkerboard 

targets orientated with a 45° difference would be required to implement this new method with 

this type of targets. Although the Moon’s edge measurements are usually performed for only 

two perpendicular edges (Wilson and Xiong), the circular lunar shape allows the third diagonal 

edge to be readily obtained from the same image.       

 

4.4.4. Significance of results 

 

The use of only two-edges to reconstruct the PSF of satellite imagers is deep-rooted in 

the remote sensing community, because the two-edge Separable PSF model was valid for the 

early Landsat sensors which had Q << 1 (Valenzuela et al. 2023, Table I). 

 

The generic sensor methodology allows Q to be used as an independent variable, showing 

that in the case of a high-quality imager with a clear aperture (ε = 0), at least three edges are 

required to estimate the PSF for Q > 0.47. With three edges, the new Quadratic Interpolation 

model achieves MAPE ≤ 10 % for Q > 0.49, down to two orders of magnitude below the peak 

response (PSFmin = 0.01), a feat that the Separable PSF model emulates for Q < 0.07. The 

current number of satellite imaging channels with Q < 0.07 is minimal, whereas Q > 0.49 is 

quite common (Valenzuela et al. 2023, Table I). Thus, for PSFmin = 0.01, the new three-edge 

model is useful for a much larger number of imaging channels than the traditional two-edge 

model.    

 

The domain of applicability of edge methods depends not only on Q but also on the 

obstruction ratio ε of the optical aperture. A clear-cut boundary has been set in the (Q, ε) plane 
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to define this domain for the edge methods of Table 4.2.  Thus, end users can readily select the 

appropriate method depending on the optical parameters of their sensors.    

 

4.4.5. Limitations and future work 

 

The results obtained are valid for the specific type of generic sensor considered. Although 

this sensor is representative of a variety of high-quality satellite imagers, different geometries 

or quality assumptions will yield different results (Valenzuela et al. 2022).    

 

The quadrant symmetry assumption for the spatial response is not valid for some satellite 

imagers, so in this case more edges and different models will be required to reconstruct the 

PSF from edge measurements.   

 

The generic sensor system model assumed in this work may be modified to represent 

other types of satellite imagers (Cota et al. 2010). 

   

The same procedure used to assess the models defined by equations (1) and (6) can be 

employed to assess other analytic functions used in edge measurements (Li et al. 2009). If none 

of these functions covers the huge gap between the Separable PSF and the Quadratic 

Interpolation models for PSF ≥ 0.01, and if levels down to PSF ≈ 0.01 are of interest, then a 

new model for intermediate values of Q must be proposed.  

 

4.5. Conclusion 

 

A new method defined by equation (6) to estimate the Point Spread Function (PSF) of a 

satellite imager from three edge measurements is proposed. This method is assessed by 

assuming a high-quality generic sensor system with square pixels and an annular optical 

aperture, which generates the image by moving its line of sight in the Along Scan (AS) 

direction. The results are presented as contours of constant Mean Absolute Percentage Error 

(MAPE) in the (Q, ε) plane, where Q is the imager’s optical factor and ε is the linear obstruction 

ratio of the optical aperture. 

 

This new method defined by equation (6) is applicable (MAPE ≤ 10 %) for high Q so it 

complements the two-edge Separable PSF method (1) that is applicable for low Q. With these 

two methods the PSF can be estimated from edge measurements down to one order of 

magnitude below the peak spatial response (PSF ≥ 0.1), for any Q and obstruction ratios of 

interest. For PSF ≥ 0.01 a huge performance gap in the (Q, ε) plane is observed between these 

two methods, so further work is required to close it. 
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Chapter Five 
 

A New procedure to Find the Optimum 

Deconvolution Kernel to Deblur Satellite Images   
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5.1.  Introduction 

 

5.1.1. Basic concept of deblurring 

Deblurring is an image processing technique, also known as restoration, that attempts to 

reduce the undesired blur induced on the image by the different elements in the imaging chain 

(Gonzalez and Woods 2017).  All imaging sensors are susceptible to blurring due to diffraction 

effects, optical aberrations, pixel sampling and pixel crosstalk.  Satellite imaging sensors must 

deal with additional blurring induced by atmospheric transmission, line of sight scanning, 

spacecraft micro vibrations and image resampling, thus, specialized deblurring techniques have 

been developed for them (Rasti et al. 2021, Singh et al. 2022).   

With the advent of deep learning techniques and the widespread availability of satellite 

imagery, research on deblurring has acquired an impressive momentum depicted by the number 

of recent publications in the subject (Rasti et al. 2021) and the plethora of restoration techniques 

that are currently available (Wali et al. 2023).  

The key technique for image restoration is deconvolution with a kernel derived from the 

sensor’s Point Spread Function (PSF), thus the accurate estimation of this function has become 

a fundamental cornerstone in the deblurring of modern satellite imagery (Llaveria et al. 2020, 

Ngo et al. 2021, Ji et al. 2024).     

The basic idea behind restoration is that in an ideal unblurred satellite image each pixel 

should measure only the radiance originating from the ground area represented by this pixel, 

whereas in the actual blurred “raw” image a pixel also measures radiance originating from the 

surrounding ground areas that are represented by adjacent pixels. Thus, unblurring is a 

technique that attempts to reduce the adjacency effect (Huang et al. 2002).    

The key objective of restoration is to process the raw image with the purpose to reduce 

its difference with the ideal image, but as the ideal image is not usually available, there is no 

unique way to assess the improvement obtained by restoration. A critical survey of image 

restoration metrics concluded that although numerous metrics to assess image restoration 

algorithms have been developed, the robustness of these metrics needs to be improved. A 

reason behind the wide diversity of restoration metrics, is the usual absence of an ideal 

reference image to gauge the effectiveness of the restoration process, so objective metrics must 

rely on different image databases which are scenario dependent (Hu et al. 2020).   

5.1.2. Usual approach to image deblurring 

The most simple and usual approach to image restoration is to assume a linear shift-

invariant imaging system model. This simplified model assumes that the raw image is 

continuous function ι(x, y) equal to the two-dimensional convolution () between the radiance 

of the scene s(x, y) and the Point Spread Function (PSF) PSF(x, y) of the imaging system, plus 

some additive noise η(x, y) (Gonzalez and Woods 2017; Hu et al. 2020; Rasti et al. 2021; Wali 

et al. 2023): 

                                          ι(x, y) =  s(x, y) (PSF(x, y)) + η(x, y)                                          (1) 

The imaging system PSF is named here as “sensor’s PSF” for short. This is the pre-

sampled PSF that is usually measured using edge targets (Viallefont-Robinet et al. 2018, 
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Valenzuela et al. 2024a). The sensor’s PSF considers not only the image degradation due to the 

imperfections of the instrument (optics, detector, scanning) but also those induced by the space 

platform (line of sight micro vibrations) and by the transmission media (atmospheric turbulence 

and aerosols).  

Under the shift-invariant and continuous-image assumptions, the restored image r(x, y) 

is obtained as the two-dimensional deconvolution () between the raw image and the 

sensor’s PSF: 

    r(x, y) = ι(x, y) (PSF(x, y))                                                 (2) 

So, in the absence of noise (η(x, y) = 0), deconvolution with the sensor’s PSF allows the 

scene to be perfectly restored: 

r(x, y) = {s(x, y)  (PSF(x, y))}  (PSF(x, y))  = s(x, y)                 (3) 

Under the shift-invariant and continuous-image assumptions, perfect deblurring is 

possible with a noise-free image, and the optimum deconvolution kernel is obviously the 

sensor’s PSF, so the search for the optimum deconvolution kernel is not an issue. Thus, 

unblurring is usually considered a trivial exercise if noise is negligible (Scharr et al. 2021) and 

in some works restoration is identified exclusively with denoising instead of deblurring. In this 

work, the term “restoration” is used as a synonym of deblurring and so it does not consider 

denoising. 

5.1.3. Need for an optimum deconvolution kernel 

Pixel sampling is usually neglected in the deblurring of modern satellite imagery, so the 

continuous form of the imaging equation (1) is assumed (Llaveria et al. 2020, Ngo et al. 2021, 

Ji et al. 2024). This assumption implies that the optimum deconvolution kernel is the sensor’s 

PSF. 

 

When pixel sampling is considered, equation (1) is no longer applicable, and the image 

equation takes the form (Wu and Schowengerdt 1993, Valenzuela et al. 2022): 

 

         ι[n, m] = comb{s(x, y)  (PSF(x, y)) + η(x, y)}                            (4) 

Where ι[n,m] is the sampled raw image, n and m are the row and column numbers of the 

pixel in the image plane, respectively, s(x, y) is the radiance of the scene, PSF(x, y) is the 

sensor’s PSF, and comb is the two-dimensional sampling function. The nomenclature ι[n, m] 

indicates that the actual image is a matrix instead of a continuous function. The restored image 

r[n, m] is obtained as the two-dimensional deconvolution between the actual image ι[n, m] and 

the deconvolution kernel K[n, m]: 

    r[n, m] = ι[n, m]  K[n, m]                                      (5) 

Due to pixel sampling the scene cannot be perfectly restored because the image is a 

discrete function. To gauge the effectiveness of deconvolution kernels, the ideal noise-free 

unblurred image u[n, m] is defined as (Wu and Schowengerdt 1993): 

                                             u[n, m] = comb{s(x, y)b(x, y)}                                                (6) 
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Where b(x, y) is the box function that represents the ideal PSF which has unity value 

inside a pixel and zero value elsewhere. In the ideal unblurred image u[n, m], there is no 

adjacency effect, so the pixel’s Digital Number (DN) only measures the radiance originating 

from the ground area represented by this pixel, whereas in the actual raw blurred image ι[n, m] 

the pixel’s DN also measures the radiance originating from the surrounding ground areas 

represented by adjacent  pixels. Thus, restoration is an attempt to approximate the actual blurred 

image to the ideal unblurred image. 

The optimum deconvolution kernel is the one that minimizes the difference between the 

ideal image u[n, m] and the restored image r[n, m]. The usual approach is to a priori assume 

that the deconvolution kernel K[n, m] should be a matrix representation of the sensor’s PSF. 

Huang et al. (2002) demonstrated that for a Gaussian PSF, the usual deconvolution kernel was 

about four times less effective than the optimum kernel that they derived using the procedure 

described below. Moreover, it will be shown that for the triangular PSF considered by Huang 

et al. (1998) the usual kernel severely degrades the raw image whereas the optimum kernel 

provides a significant improvement.  

5.1.4. Higher Resolution Satellite Images procedure 

 

In a series of three seminal works, an empirical procedure to find the optimum 

deconvolution kernels for satellite images was developed, with the purpose to reduce the errors 

of land cover characterization in the presence of mixed pixels. The authors computed the 

improvement provided by various deconvolution kernels for a satellite Sensor Of Interest (SOI) 

with a known PSF, using actual satellite images of much higher spatial resolution than the SOI, 

assuming that a mosaic of these higher resolution images was a good representation of the 

scene.  

 

In the three real case scenarios considered, the satellite SOI was the Moderate Resolution 

Imaging Spectroradiometer (MODIS) and the higher spatial resolution sensor was the Landsat 

Thematic Mapper (TM). In the three applications of this Higher Resolution Satellite Images 

(HRSI) procedure, models of the ideal, raw, and restored image for the SOI were computed, 

and the improvement provided by the deconvolution kernels was then rigorously assessed by 

comparing the raw and restored images with the ideal image in a pixel-to-pixel basis (Huang 

et al. 1998, Townshend et al. 2000, Huang et al. 2002). 

 

Blurring was quantified as the Mean Absolute Difference (MAD) between the Digital 

Numbers (DNs) of the ideal image and the DNs of the actual image considering all pixels. The 

“Improve” factor, herein named as deblurring factor Δ, was defined to measure the amount of 

blurring removed, that is, the percent decrease in MAD due to deconvolution (Huang et al. 

2002). Perfect deblurring (Δ = 100 %) is obtained when the DNs of the restored image are 

equal to the DNs of the ideal image. If Δ is negative, deconvolution degrades the raw image.  

In the first application of the HRSI procedure, a triangular sensor’s PSF was assumed 

(Huang et al. 1998). An unexpected result was that for the six image bands considered, the 

optimum deconvolution kernel that maximized Δ was not the sensor’s PSF but a shrunk version 

of it. It will be shown that in this case the Full Width at Half Maximum (FWHM) of the 

optimum deconvolution kernel is 0.80 times the FWHM of the sensor’s PSF.  Thus, for a 

triangular PSF the optimum PSF shrink factor for deblurring purposes is 0.80. With this shrink 

factor a deblurring factor of about Δ = 30 % was obtained (Huang et al. 1998). It will be shown 
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that in this case the usual unshrunk PSF kernel gives a negative deblurring factor; usual 

approach to image deblurring degrades the raw image.   

In the second application of the HRSI procedure, a Gaussian sensor’s PSF was assumed 

(Townshend et al. 2000). The same type of unexpected result was obtained; the optimum 

deconvolution kernel was a shrunk version of the Gaussian PSF. It will be shown that in this 

case the optimum shrink factor was 0.83. This same optimum shrink factor was obtained in 24 

cases (six image bands over four widely different landscapes), so the need to explain this 

systematic deviation from the expected result was acknowledged; “Explanation for this is still 

being sought” (Townshend et al. 2000, 842).  

In the final work of these series (Huang et al. 2002), the HRSI procedure was applied to 

the same Gaussian PSF considered by Townshend et al. (2000). The deblurring factor was 

computed as a function of a shrink factor parameter, demonstrating that the deblurring provided 

by the optimum shrunk PSF kernel was about four times larger than the deblurring provided 

by the usual (non-shrunk) PSF kernel. To explain this unexpected result, it was shown that if 

all the SOI’s pixels represented a uniform portion of the landscape, then the un-shrunk PSF 

was the optimum kernel and a deblurring factor Δ = 100 % was obtained. But, when the actual 

mixed pixels of the different landscapes of interest were considered, a shrunk version of the 

PSF maximized the deblurring factor which - in this case - achieved a peak value Δ = 54 %. 

In the three cases, the effectiveness of the deblurring procedure was assessed by 

computing the reduction of the error in land cover characterization due to deconvolution with 

the optimum kernel. This error was computed by comparing the predictions of the linear 

mixture model with ground truth data obtained by conducting field work at a test site used for 

training and validation purposes in Maryland, USA (Huang et al. 2002). The land cover 

characterization error was computed for the raw image model and for the deconvolved image 

model, in all cases a substantial reduction of this error due to deconvolution was obtained.   

Table 5.1 describes the three scenarios where the HRSI procedure was applied, 

identifying the classes used in the linear mixture model, the different metrics used to gauge the 

land cover characterization error and the numerical factor by which this error was reduced due 

to optimum deconvolution. 

In   these three seminal works (Huang et al. 1998, Townshend et al. 2000, Huang et al. 

2002) a large number of aerial and satellite images was employed, but not a single pair of 

images was published to display the improvement of deblurring. This was due to the fact that 

the deblurring factor computed in these works is an objective metric that directly quantifies the 

blur reduction on the raw image due to deconvolution, with respect to the ideal reference image. 

Thus, there is no need to qualitatively illustrate blur reduction (sharpness improvement) with a 

pair of images. In real-case scenarios the deblurring factor Δ is usually not employed because 

the ideal image is not available, unless the laborious HRSI procedure is implemented. To 

replace the lack of an ideal reference image, hundreds of metrics have been proposed to gauge 

the effectiveness of restoration techniques (Hu et al. 2020). There is no agreement on the 

preferred metrics to gauge deblurring, so each author uses a few of them and presents some 

pairs of images to qualitatively illustrate the reduction of deblurring (Llaveria et al. 2020, Ngo 

et al. 2021, Ji et al. 2024).   
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Table 5.1: Description of the three real case scenarios for which the optimum deconvolution kernel for MODIS 

images was found by using Landsat Thematic images. The reduction of land cover characterization errors due to 

optimum deconvolution, was computed by comparing the predictions of the linear mixture model for the different 

classes considered, with ground truth data obtained through field work conducted in Maryland, USA. 

Case 1 2 3 

Geographical location 

Not specified. 

Presumably Maryland, 

USA 

Maryland, USA         

Bolivia                       

Egypt                           

Canada 

Maryland, USA                  

Al Buhayrah, Egypt 

Santa Cruz, Bolivia 

Ontario, Canada 

Satellite images 
Landsat TM images for 

the six reflectance bands 

Landsat TM images for 

the six reflectance bands 

Landsat TM images 

(16.5 km x 16.5 km) for 

red and near infrared 

bands 

MODIS PSF model Triangular Gaussian Gaussian 

Optimum PSF shrink 

factor (β) found 
0.80 for all bands 0.83 for all bands 

0.83 for all bands and 

landscapes 

Maximum deblurring 

factor Δ for optimum 

PSF shrink factor 

30 % 

Not specified. 

Presumably similar to 

Case 3 

Between 35 % and 54 % 

depending on band and 

landscape 

Classes considered for 

linear mixture model 
Water, forest, and grass 

Water, forest, and 

herbaceous cover 

(grassland and crops) 

Closed forest, open 

forest, woodland, non-

forest land, land – water 

mix, water 

Error metric used to 

assess land cover 

characterization 

Average difference 

between mixture model 

prediction and actual 

land cover 

Standard error of the 

estimate between 

mixture model prediction 

and actual land cover 

Increase in root mean 

square error of mixture 

model prediction due to 

PSF effect 

Reduction factor of 

land cover error due to 

optimum deblurring 

1.5 (grass and water)           

1.6 (forest) 
2.2 3.8 

Reference Huang et al. 1998 Townshend et al. 2000 Huang et al. 2002 

 

The HRSI procedure was successful in finding the optimum deconvolution kernel and in 

providing a robust metric to gauge the performance of image restoration (Deblurring factor Δ). 

Optimum restoration provided a significant reduction of the error in land cover estimation, 

reducing the error of a linear mixture model by a factor of two (Townshend et al. 2000) and the 

error of a support vector machine classifier by almost a factor of four (Huang et al. 2002). In 

spite of this success, the HRSI procedure did not found much application in the remote sensing 

community, presumably due to the following drawbacks:    

1. It requires actual satellite images of a Higher Resolution Sensor (HRS) such that GSDHRS 

<< GSDSOI. If  GSDSOI < 1 m, there is currently no HRS that can fulfill this requirement.  
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2. The HRS images should be acquired over a suitable landscape that is representative of the 

operational conditions envisaged for the SOI. The landscape should be heterogeneous at the 

scale of the SOI’s pixels because the blurring or adjacency effect is unnoticeable over 

homogeneous scenes.  

 

3. The GSD of the SOI should be an exact multiple of the GSD of the HRS; GSDSOI = 

M·GSDHRS as otherwise the procedure will be complicated by having to represent a SOI 

pixel by a fractional number of HRS pixels. To satisfy this restriction, Huang et al. (2002) 

assumed that the SOI had a GSD different from the actual one.   

 

4. The ideal image model is not truly ideal as it is obtained by averaging a certain number of 

HRS pixels that have image noise and blurring.  

 

5. The raw image model is not a perfect representation of the raw image as it is obtained by 

convolving the PSF with the HRS image, which has noise and blurring, and not with the 

actual noise-free unblurred scene.  

 

5.1.5.    Scope of this work  

The key result of the three previous applications of the HRSI procedure (Huang et al. 

1998, Townshend et al. 2000, Huang et al. 2002) is that the usual PSF deconvolution kernel for 

image deblurring is not the optimum one. This result was not assimilated in the remote sensing 

literature; although these three works have been cited altogether almost five hundred times, 

none of these citations has highlighted the fact that a shrunk version of the PSF is required to 

achieve maximum deblurring. This result is a fundamental property of the image formation 

process, so it is applicable to any type of imaging sensor, for example, in microscopy a 

computer program has been developed to find the optimum size of the PSF deconvolution 

kernel (Medyukhina and Figge. 2020).    

This research was motivated by three facts: a) the optimum deconvolution kernels are 

much more effective than the usual kernels; b) the optimum kernels are scarcely applied in 

modern satellite imagery; and c) the current procedure to find the optimum kernels is seldom 

applied due to its drawbacks. As a main result of this research a new procedure to find the 

optimum deconvolution kernels was developed and validated. The objective of this work is to 

present the theoretical basis of the new Synthetic Edge Images (SEI) procedure and apply it to 

the same two PSFs considered by Huang et al. (1998, 2002), showing that the same results of 

the HRSI procedure are obtained. 

This new SEI procedure does not have the drawbacks of the HRSI procedure, and it also 

allows a systematic study of the influence of different types and levels of image noise on the 

selection of the optimum deconvolution kernel, something that is not practical with the HSRI 

procedure, as a given high resolution image has a fixed type and level of noise.    

The SEI procedure allows the selection of the optimum deconvolution kernel for any real 

case scenario in which the sensor’s PSF is known, it is applicable to any type of imaging sensor 

and can be implemented by using different deconvolution filters. In this work the SEI procedure 

will be implemented using Wiener and regularized deconvolution filters and validated by 

showing that it yields the same optimum deconvolution kernel obtained by the HRSI procedure 
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in four real case scenarios, for six spectral bands, using 24 sets of Landsat TM images (Huang 

et al. 2002). The purpose of this research is to develop and validate the SEI procedure, its 

application to other real case scenarios is out of the scope of this work.  

Section 5.2 describes the HRSI and SEI procedures, section 5.3 presents the results 

obtained by applying the SEI procedure to the cases previously studied with the HRSI 

procedure, and section 5.4 discusses the significance of the SEI procedure and the pathways 

that it opens for further research on image deconvolution.  

5.2. Materials and Methods 

 

5.2.1. Common stages and steps for both procedures 

To describe and compare the HRSI and SEI procedures it is convenient to separate them 

into two common stages. In the first stage the data required to compute the deblurring factor Δ 

of the deconvolution kernel is prepared. In the second stage this data is used to find the optimum 

deconvolution kernel. The flowcharts for these two stages are presented in Figures 5.1 and 5.2, 

respectively. 

5.2.1.1. First stage   

The first stage is illustrated in Figure 5.1. This stage has the same steps for both 

procedures: 

1. Select the Sensor Of Interest (SEI) whose images will be restored. 

 

2. Measure or compute the sensor’s PSF for the SEI. The pre-sampled sensor’s PSF is obtained 

as the result of this step, either by measuring it (Viallefont-Robinet et al. 2018, Valenzuela 

et al. 2024) or by computing its Optical Transfer Function (OTF) using the cascade model 

approach (Fiete and Paul 2014). The preferred approach is a combination of in-ground (pre-

flight) measurements, in-orbit measurements and an OTF cascade model that considers all 

the elements of the imaging chain. 

 

3. Provide the images that will be required to compute the Ideal Image Model (IIM) and the 

Raw Image Model (RIM). In the HRSI procedure, actual satellite images must be procured, 

whereas in the SEI procedure, suitable edge images are defined.  

 

4. Compute the Ideal Image Model (IIM). In both procedures several ideal images are used to 

measure the sensitivity of the optimum kernel to different scenes. 

 

5. Compute the Raw Image Model (RIM). For each ideal image, a different raw image is 

obtained. 
 

6. Compute the Mean Amplitude Difference (MAD) between the IIM and the RIM on a pixel-

to-pixel basis, using the following equation: 

MADRAW =
1

𝑁
 ∑ |

𝑁

𝑖=1

DN𝑖 IIM −  DN𝑖 RIM|                                                 (7) 
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Where MADRAW is the MAD between the ideal image and the raw image, N is the total 

number of pixels in the ideal and raw image models, i is an index between 1 and N that 

identifies each pixel in the ideal and raw images, DNi IIM is the Digital Number (DN) of 

pixel i in the ideal image, and DNi RIM is the DN of pixel i in the raw image.   

 

 

 

 

 

 

 

 

 

 

 

Select Sensor of Interest 

(SOI) 

Provide the images required to produce the Ideal 

Image Model and the Raw Image Model (RIM) 

Compute SOI’s Ideal Image Model  (IIM) 

Find (compute and/or measure) the SOI’s Point 

Spread Function (PSF) 

Compute the Mean Amplitude Difference (MAD) 

between the IIM and the RIM (MADRAW)  

Required data to compute 

deblurring factor Δ is available. 

Compute SOI’s Raw Image Model  (RIM) 

Figure 5.1: Flowchart of the first stage of the procedure 

to find the optimum deconvolution kernel to restore the 

images that will be acquired by a Sensor Of Interest (SOI). 

In this stage the following data required to compute the 

deblurring factor Δ are found: a) Pre-sampled Point 

Spread Function (PSF) of the SOI. b) Images required to 

produce the Ideal Image Model (IIM) and the Raw Image 

Model (RIM) of the SOI. c) Ideal Image Model of the SOI. 

d) Raw Image Model of the SOI. e) Mean Absolute 

Difference between the ideal and the raw image models 

(MADRAW) of the SOI.  
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Start process to find Optimum 

Deconvolution Kernel   

Select a suitable low initial shrink factor β <1 for 

the PSF  

Compute the DeConvolution Kernel (DCK) 

associated to the shrunk PSF 

Compute SOI’s Deconvolved Image Model 

(DIM) by deconvolving RIM with DCK 

Compute the MAD between the DIM and the 

Ideal Image Model (MADDEC)  

Compute the deblurring factor in percent as                               

Δ = 100×(1-MADDEC/MADRAW) 

Optimum Deconvolution 

Kernel has been found. 

Compute the Shrunk PSF (SPSF) as                      

SPSF(x, y) = PSF(x/β, y/β) 

The β that maximizes 

deblurring factor Δ has 

been found? 

No 

Yes 

β = β +Δβ 

Figure 5.2: Flowchart of the second stage of the procedure to find the 

optimum deconvolution kernel to deblur the images that will be acquired by 

a Sensor Of Interest (SOI). In this stage the deblurring factor Δ is computed 

for different values of the PSF’s shrink factor β and the shrunk deconvolution 

kernel K that maximizes the deblurring factor is selected as the optimum 

deconvolution kernel.  
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5.2.1.2 Second stage 

Figure 5.2 illustrates the procedure for the second stage. This stage has the same steps 

for both procedures: 

1. Select a suitable low value for the initial shrink factor β for the PSF. This initial value should 

be below the optimum β value so that the peak of the deblurring factor Δ curve versus β can 

be found.  

 

In the previous applications of the HRSI procedure the optimum shrink factor was β = 0.80 

for the triangular PSF (Huang et al. 1998) and β = 0.83 for the Gaussian PSF (Huang et al. 

2002). In this work an initial value β = 0.70 was used to assess the triangular PSF and an 

initial value β = 0.74 was used to assess the Gaussian PSF over the same range of shrink 

factors considered by Huang et al. (2002). 

 

2. Compute the Shrunk PSF (SPSF) as: 

 

SPSF(𝑥, 𝑦) = (PSF ( 
𝑥

𝛽 
,

𝑦

𝛽
))                                                    (8) 

 

Where β is the PSF shrink factor, that modifies by a factor β the widths of the PSF at all 

levels. The SPSF has the same type of shape (triangular, Gaussian, etc..) than the sensor’s 

PSF but it is narrower if β < 1 and broader if β > 1. 

 

3. Compute the shrunk deconvolution kernel K that is obtained with the shrunk PSF. K is a 

function of the shrink factor β, so for each value of β a different kernel is obtained.  

 

For a given PSF (un-shrunk or shrunk) there are two methods to compute the elements of 

the deconvolution kernel at each pixel; by point sampling the PSF at each pixel’s centre 

(Ruiz and López 2002) or by integrating the PSF over the pixel’s area (Huang et al. 1998, 

Huang et al. 2002). These two methods give different results, our interest is to compare the 

results of the HRSI procedure with those of the new SEI procedure, so we used the same 

analytic integrated kernels employed in the HRSI procedure; a 3×1 kernel for the triangular 

PSF (Huang et al. 1998), and a 3×3 kernel for the Gaussian PSF (Huang et al. 2002). 

 

4. Obtain the Deconvolved Image Model (DIM) by deconvolving the Raw Image Model with 

the shrunk deconvolution kernel K.  

 

In the application of the HRSI procedure, the authors performed deconvolution by using a 

computer routine to solve a sparse system of linear equations (Huang et al. 2002). For the 

SEI method we used the MATLAB subroutine for the classic Wiener filter.  

 

5. Compute the Mean Amplitude Difference (MAD) between the IIM and the DIM on a pixel-

to-pixel basis, using the following equation: 
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MADDEC =
1

𝑁
 ∑  |

 𝑁

𝑖=1

DN𝑖 IIM − DN𝑖 DIM|                                       (9) 

 

Where MADDEC is the MAD between the ideal image and the deconvolved image, N is the 

total number of pixels in the ideal and deconvolved image models, i is an index between 1 

and N that identifies each pixel in the ideal and deconvolved images, DNi IIM is the Digital 

Number (DN) of pixel i in the ideal image, and DNi DIM is the DN of pixel i in the 

deconvolved image.   

 

6. Compute the deblurring factor Δ that quantifies the reduction of blur due to deconvolution, 

by using the following equation: 

Δ(%) = 100 
MADRAW − MADDEC 

MADRAW
                                            (10) 

 In the application of the HRSI procedure, a maximum Δ = 30 % was obtained for the 

triangular PSF for a single landscape (Huang et al. 1998) and maximum Δ values between 

35 % and 54 % were obtained for the Gaussian PSF for the four landscapes and two spectral 

bands considered. The maximum deblurring factor was shown to be higher for bright images 

of heterogeneous landscapes and lower for dark images of homogeneous landscapes (Huang 

et al. 2002). 

7. By examining the set of Δ values already computed as a function of the shrink factor β, 

decide if the range of shrink factors β considered is sufficient to find the optimum β value 

that maximizes the Δ factor. If the maximum value of the Δ versus β curve is evident, then 

the optimum kernel has been found. If the maximum value of the Δ versus β curve is not 

evident, then the value of β is increased by a small amount δβ.  

 

5.2.1.3.  Relationships between shrink factor and adjacency parameter 

The procedure presented in Figure 5.2 is more general than the one used by Huang et al. 

(1998, 2002) because these authors did not used the concept of PSF’s shrink factor, instead 

they computed the elements of their deconvolution kernels as analytical functions of a single 

numerical parameter α that represented the contribution of a pixel to its immediately adjacent 

pixels.  

The adjacency parameter α can be expressed in terms of the shrink factor β with the 

following equations. For a triangular PSF as defined by Huang et al. (1998): 

α = 1 −  
1

β
+  

1

4 β2
                                                            (11) 

Where α is the adjacency parameter used by Huang et al. (1998) and β is the PSF shrink 

factor. 

The optimum restoration kernel found by Huang et al. (1998) is α = 0.14 which according 

to equation (11) corresponds to a PSF shrink factor β = 0.80. For usual deconvolution with a 

non-shrunk PSF (β = 1), the value for the adjacency parameter is α = 0.25.   
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For an isotropic Gaussian PSF with a standard deviation σ as defined by Huang et al. 

(2002): 

α =
1

2
(𝑒𝑟𝑓 (

3 𝐶

β
)   −  𝑒𝑟𝑓 (

𝐶

β
) )                                            (12) 

Where α is the adjacency parameter used by Huang et al. (2002), erf is the error function, 

β is the PSF shrink factor, and C is an auxiliary variable defined as: 

𝐶 =
GSDSOI

σ√8
                                                               (13) 

Where GSDSOI is the Ground Sampling Distance of the Sensor Of Interest and σ is the 

standard deviation of the Gaussian function expressed in the same units as the GSD. Huang et 

al. (2002) considered MODIS as their Sensor Of Interest assuming GSDSOI = 256.5 m and          

σ = 123.5 m, so according to equation (13), C = 0.734.  

The optimum deconvolution kernel found by Huang et al. (2002) is α = 0.105 which 

according to equation (12) corresponds to a PSF shrink factor β = 0.83. For usual deconvolution 

with a non-shrunk PSF (β = 1), the value for the adjacency parameter is α = 0.15.   

The elements of the deconvolution kernel can be written as analytic functions of an 

adjacency parameter α only for narrow analytical PSFs as those considered by Huang et al. 

(1998, 2002) in which a PSF centred in one pixel extends to no more than its eight adjacent 

pixels. In these cases, a 3×3 kernel in which its nine elements are function of a single adjacency 

parameter suffices, but in other cases, larger kernels, and more adjacency parameters to define 

their elements are required.   

For example, if a narrow bivariate Gaussian PSF that extends to eight adjacent pixels is 

considered as restoration kernel (Morales-Irizarry and Vélez-Reyes 2009), then two adjacency 

parameters are required to define the deconvolution kernel: one for the along scan direction 

and other for the across scan direction. If a broader isotropic Gaussian PSF that extends to 24 

adjacent pixels is considered, then at least two adjacency parameters are required to define the 

deconvolution kernel: one for the eight immediately adjacent pixels and other for the remaining 

16 pixels.   

In all possible cases, the elements of the deconvolution kernel can be numerically 

computed as a function of a single parameter, the shrink factor β, whereas in only very restricted 

cases it can be computed as function of the single parameter α used by Huang et al. (1998, 

2002).  

In their application of the HRSI procedure Huang et al. (1998, 2002) did not compute the 

shrunk PSF as the deconvolution kernel could be directly computed as a function of α. To 

compare the results of the HRSI procedure with those of the SEI procedure, we used the same 

increments of the adjacency parameter α used by Huang et al. (2002): δα = 0.005. To express 

the increment δβ in terms of δα, equations (11) and (12) are linearized in the range 0.7 ≤ β ≤ 1, 

obtaining a coefficient of determination R2 > 0.999 in both cases. For the triangular PSF an 

approximate linear expression is: 

𝛼 = 0.56 𝛽 − 0.31                                                                          (14) 

 



                
Chapter 5                                                         A new procedure to find the optimum deconvolution kernel  

99 
 

  

An approximate linear expression for the Gaussian PSF is: 

 

𝛼 = 0.27 𝛽 − 0.12                                                                          (15) 

 

Using these last two equations for δα = 0.005, we compute δβ = 0.005/0.56 = 0.009 for 

the triangular PSF and δβ = 0.005/0.27 = 0.019 for the Gaussian PSF. 

5.2.2.  Higher Resolution Satellite Images procedure 

In its most detailed application, the Higher Resolution Satellite Images (HRSI) procedure 

was implemented for the Moderate Resolution Imaging Spectroradiometer (MODIS) as the 

Sensor Of Interest (GSD = 250 m) using Landsat Thematic Mapper (TM) images (GSD = 28.5 

m) as the Higher Resolution Sensor (Huang et al. 2002).  

 

MODIS images were assumed to have a GSD = 9×28.5 = 256.5 m, so that exactly 9×9 = 

81 TM pixels were aggregated to represent a single MODIS pixel (Huang et al. 2002). The 

DNs for MODIS’ Ideal Image Model (IIM) were obtained by averaging the 81 corresponding 

DNs of the TM image. The authors acknowledged that this IIM is not truly ideal as the TM 

images have blurring. 

 

MODIS’s Raw Image Model (RIM) was obtained by convolving the original (non-shrunk) 

Gaussian PSF with the IIM. MODIS’s Deconvolved Image Model (DIM) was obtained by 

deconvolving the RIM with the 3×3 deconvolution kernel obtained with a shrunk version of 

the original Gaussian PSF, varying the adjacency parameter α between 0.08 and 0.15 at 

intervals δα = 0.005. For each value of the adjacency parameter the deblurring factor Δ was 

computed using equation (10).  

 

The previous procedure was applied for the red and near infrared bands of MODIS, using 

TM images acquired over four different landscapes in Egypt, Maryland (USA), Bolivia and 

Canada. In the eight cases considered (two bands and four landscapes) the optimum adjacency 

parameter was in the range α = 0.105 ± 0.005.  

 

Although the HRSI procedure resembles the case of image fusion, it does not fuse the 

TM images with MODIS images; actual TM images are used to create a model of MODIS 

images. Thus, actual MODIS images are not used in this procedure.  

5.2.3.  Synthetic Edge Images procedure 

Considering that the three applications of the HRSI procedure have shown that for a given 

PSF the optimum deconvolution kernel does not depend on the band or the landscape, it can be 

assumed that this optimum kernel can also be obtained by using synthetic images which contain 

a variety of mixed pixels. In what follows, image noise is assumed to be negligible, although 

the procedure easily allows different types of noise models and levels to be considered.  
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For a given PSF and scene, the construction of the raw image requires an intensive 

computational effort (Van den Bergh 2012). A notable exception is when the scene is a straight 

edge that separates a dark zone from a bright zone, as in this case the DN at each pixel can be 

directly computed by using the Edge Spread Function (ESF).  In the edge measurement method, 

the given raw image of a straight edge, tilted a small angle with respect to the grid of the 

detector array, is used to derive the unknown ESF (Viallefont-Robinet et al. 2018). In the 

Synthetic Edge Images (SEI) procedure, a given ESF is used to produce the unknown raw 

image of a scene with a straight edge. 

 

By tilting the edge, a small angle with respect to the detecting grid, mixed pixels of 

different grey levels are obtained, this allows the deconvolution kernel to be tested against a 

variety of mixed pixels. By making the slope of the edge angle a natural number P, the image 

is periodic with a period of P rows, this allows only the central region of the image to be used 

for kernel assessment purposes, avoiding the need to consider approximations at the image 

borders. Figure 5.3 shows the scene for an edge angle with a slope P = 11. 

 

 
 

 

 

Several scenes with different values of P are used to consider a wider variety of mixed 

pixels, and the final result is obtained as the average of all the computed results. In our case 

five scenes with slopes and periods P = 9, 11, 13, 15 and 17 were considered. Odd values of 

P were used to place the central pixel of the central region at the centre of the image. 

5.2.3.1.  Ideal image model 

  

The DNs of the ideal image are computed using the following equation: 

 

Figure 5.3: Example of a scene assumed by the Synthetic Edge Image 

procedure, for the case that the slope of the edge is an integer number 

P = 11. The straight edge separates a dark zone from a bright zone. 
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DNIIM = 𝐵 𝜀 + 𝐷 (1 − 𝜀)                                                            (16) 

 

Where DNIIM is the Digital Number of a pixel in the ideal image model, B is the DN of 

a pure ideal pixel that represents only the bright zone, D is the DN of a pure ideal pixel that 

represents only the dark zone, and ε is the fraction of the pixel’s area that is in the bright 

zone.  

 

In our case square images with 61×61 pixels were considered. The left panel of Figure 

5.4 shows the central part of the ideal image obtained for the scene of Figure 5.3. 

 

 

 

 

 

 

 

5.2.3.2. Raw image model 

 

Assuming that the scene is a straight edge that separates a dark zone at the left of the 

edge from a bright zone at the right of the edge, the DNs of the raw image are exactly computed 

by using the following equation: 

 

DNRIM = (𝐵 − 𝐷) ESF(𝑑) + 𝐷                                                  (17) 

Where DNRIM is the Digital Number of a pixel in the raw image model, B is the DN of 

a pure ideal pixel that represents only the bright zone, D is the DN of a pure ideal pixel that 

represents only the dark zone, ESF is the Edge Spread Function computed for the given edge 

angle, and d is the distance from the pixel centre to the edge. The distance d is measured 

positive to the right of the edge and negative to the left of the edge.  

The ESF equals 0 at a large distance at the left of the edge (ESF(d → - ∞) = 0) and 

equals 1 at a large distance at the right of the edge (ESF(d →+ ∞) = 1), so the DN of the raw 

image goes from D to B as the distance d goes from - ∞ to +∞. 

The two PSFs considered by Huang et al. (1998, 2002) are separable, so they can be 

written in the form:  

Figure 5.4: Images obtained by applying the Synthetic Edge Image procedure to the example scene 

depicted in Figure 5.3. The left panel shows the ideal unblurred image computed by equation (16). The 

centre panel shows the raw blurred image computed by equations (17) and (20). The right panel shows the 

restored deblurred image computed by deconvolving the raw image with the kernel defined by equation 

(22) for the case of optimum restoration (α = 0.105). 
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                                        PSF(𝑥, 𝑦) = ((LSF)𝑥(𝑥)) ((LSF)𝑦(𝑦))                                      (18)                 

Where PSF(x, y) is a separable Point Spread Function, x and y are the spatial coordinates 

in  two orthogonal directions, LSFx(x) is the Line Spread Function (LSF) in x direction, and 

LSFy(y) is the LSF in y direction.  The LSF is the derivative of the ESF, so the ESF in a 

direction of interest is readily obtained by integrating the LSF in this same direction 

(Schowengerdt 2007, equation 3-22). For the triangular PSF the result is: 

                      ESF(𝑑) =  (

  0          𝑑 <  −GSD
 ½ + 𝑑 +  ½𝑑2         −GSD ≤ 𝑑 < 0

½ + 𝑑 − ½𝑑2         0 ≤ 𝑑 < GSD
1          𝑑 ≥ GSD

)                      (19)                                      

Where ESF is the Edge Spread Function for a triangular PSF in the scan direction, d is 

the distance to the edge and GSD is the Ground Sampling Distance of the Sensor Of Interest. 

The triangular PSF is anisotropic, it has a triangular LSF in the scan direction and a perfect 

rectangular LSF in cross scan direction. For this type of PSF there is blurring only in scan 

direction, so the synthetic edge is assumed to be almost perpendicular to this later direction.  

For the Gaussian PSF: 

                                    ESF(𝑑) = ½ [ 1 + 𝑒𝑟𝑓 (
𝑑

√2 σ
) ]                                            (20)                                                               

Where ESF is the Edge Spread Function for a Gaussian PSF, erf is the error function, d 

is the distance to the edge and σ is the standard deviation of the Gaussian function. The 

Gaussian PSF assumed by Huang et al. (2002) is isotropic, so in this case the orientation of 

the edge is irrelevant. 

The centre panel of Figure 5.4 shows the central part of the raw blurred image computed 

for the scene of Figure 5.3 by using equations (17) and (20). The blurring due to the Gaussian 

PSF is evident by comparing the raw blurred image with the ideal unblurred image. For 

example, in the ideal image, the upper section of the column that separates the dark zone from 

the bright zone has only two pixels with different shades of grey, whereas in the raw image 

seven grey pixels are observed in this same section.  

5.2.3.3.  Deconvolved image model 

 

For validation purposes, the same deconvolution kernels employed for the HRSI 

procedure were used to implement the SEI procedure.  

 

For the triangular PSF (Huang et al. 1998): 

 

                  𝑲(α)  = [½𝛼 1 − 𝛼 ½𝛼]                                                  (21)                                                   

 

For the Gaussian PSF (Huang et al. 2002): 
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                                                   𝑲(α) =  [

𝛼2 𝛼(1 − 2𝛼) 𝛼2

𝛼(1 − 2𝛼) (1 − 2𝛼)2 𝛼(1 − 2𝛼)

𝛼2 𝛼(1 − 2𝛼) 𝛼2

]                    (22)                                              

 

The deconvolved images were obtained by performing a deconvolution between the raw 

images and the shrunk deconvolution kernels. The deconvolution was implemented in 

MATLAB using the classic Wiener filter function.   

The right panel of Figure 5.4 shows the central part of the deconvolved deblurred image 

computed for the scene of Figure 5.3, by using the optimum kernel defined by equation (22) 

with α = 0.105, to deconvolve the raw blurred image presented in the centre panel of Figure 

5.4. The deblurring of the raw image due to deconvolution is evident in Figure 5.4 by 

comparing the deconvolved and raw images with the ideal unblurred image. For example, in 

the deconvolved deburred image, the upper section of the column that separates the dark zone 

from the bright zone, has three pixels with different shades of grey, whereas in the raw blurred 

image seven grey pixels are observed in this same section. Deconvolution reduces from seven 

to three the grey pixels, giving a better approximation to the ideal unblurred image which has 

only two grey pixels in this same section. 

5.2.3.4.  Deblurring factor computation 

 

If the scene is completely uniform or homogeneous, there is no difference between the 

ideal, raw and deconvolved images (MADRAW = MADDEC = 0) so no deblurring can be obtained 

by restoring the image.     

 

If the scene contains homogeneous and heterogeneous landscapes, the deblurring factor 

Δ will diminish as the ratio of homogeneous to heterogeneous area increases, because in 

homogeneous landscapes deblurring is ineffective. The variation of the maximum deblurring 

factor with the type of landscape was observed by Huang et al. (2002); the maximum Δ 

fluctuated between 35 % and 54 %, as expected, the lowest values were obtained for the more 

uniform landscapes (Huang et al. 2002, page 211).  Regardless of the maximum Δ obtained, 

for the four types of landscapes considered, the optimum values of the adjacency parameter for 

both spectral bands were α = 0.105 ± 0.005. 

 

To compute Δ in the Synthetic Edge Images procedure, only raw image pixels with a DN 

that differs more than 1 % from the DN of the ideal image pixel, are considered. This restriction 

allows the pixels in the homogeneous areas far from the edge to be discarded in the computation 

of Δ, obtaining maximum deblurring factors similar to those obtained by Huang et al. (1998, 

2002) in heterogeneous landscapes. If a higher difference between raw and ideal pixels is 

considered (for example 10 %), the maximum Δ increases. If a lower difference is considered 

(for example 0.1 %), the maximum Δ factor decreases. 

 

The prediction of the maximum value of the deblurring factor is not relevant as in practice 

this value will depend on the heterogeneity of the landscape. Our objective is to predict the 

optimum PSF’s shrink factor that allows the deblurring factor to be maximized. 
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5.3. Results 

Figures 5.5 and 5.6 show the results predicted by the SEI procedure when it is applied to 

the same cases considered by Huang et al. (1998, 2002), triangular and Gaussian PSFs, 

respectively. In both figures, the deblurring factor Δ has been computed as a function of the 

adjacency parameter α, in the domain shown on the horizontal axes at intervals δα = 0.005. The 

blue curves represent the average of Δ obtained by the SEI procedure using five image periods 

(P = 9, 11, 13, 15 and 17). The minimum and maximum values computed for the deblurring 

factors are shown as dashed and dotted curves, respectively. The results obtained by the HRSI 

procedure are shown as red dots.  

These results were obtained by using the MATLAB deconvwnr subroutine that 

implements the Wiener deconvolution filter. Essentially the same results were employed by 

using the MATLAB deconvreg subroutine that implements the regularized deconvolution filter. 

For example, for the case P = 11, the average absolute difference in the Δ values predicted by 

the Wiener and regularized filters is 0.14 percentage points. 
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Figure 5.5: The deblurring factor Δ computed for a triangular PSF using the Synthetic Edge Images (SEI) 

procedure is plotted against the adjacency parameter α defined by Huang et al. (1998). The figure shows as a 

blue curve the average of five computations considering edges with slopes 9, 11, 13, 15 and 17. The maximum 

and minimum values of the deblurring factor Δ computed with these five slopes, are shown as dotted and 

dashed curves, respectively. The value of the maximum deblurring factor Δ and the optimum adjacency 

parameter obtained by Huang et al. (1998) with the Higher Resolution Satellite Images (HRSI) procedure is 

depicted as a red dot. The optimum adjacency parameter α predicted by the SEI procedure is in the domain 

0.12 to 0.14, showing very good agreement with the optimum value α = 0.14 obtained by the HRSI procedure 

for six Landsat TM spectral bands.  
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Figure 5.5 shows the results for the triangular PSF. The optimum adjacency parameter 

predicted by the SEI procedure for the five image periods is within the domain α = 0.13 ± 0.1, 

showing very good agreement with the optimum value α = 0.14 obtained with the HRSI 

procedure for the six MODIS’ model images produced by using the respective Landsat TM 

images captured over six spectral bands (Huang et al.1998). A striking result is the extremely 

negative performance, about -40 %, predicted for the usual deconvolution procedure which 

assumes α = 0.25.  

Figure 5.6 shows the results for the Gaussian PSF. The optimum adjacency parameter 

predicted by the SEI procedure for the five image periods considered is in the range                         

α = 0.105 ± 0.005, showing excellent agreement with the optimum values found with the HRSI 

procedure for the red and NIR Landsat TM images captured over four different landscapes. 

The red dots represent the deblurring factor values obtained for a landscape in Egypt using the 

red band images, these values are almost identical to the ones obtained for this same landscape 

using the NIR band (Huang et al. 2002, figure 3). The shape of the deblurring factor Δ versus 

adjacency parameter curve is very similar for both procedures. 
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Figure 5.6: The deblurring factor Δ computed for a Gaussian PSF using the Synthetic Edge Images (SEI) 

procedure is plotted against the adjacency parameter α defined by Huang et al. (2002). The figure shows as 

a blue curve the average of five computations considering edges with slopes 9, 11, 13, 15 and 17. The 

maximum and minimum values of the deblurring factor Δ computed with these five slopes, are shown as 

dotted and dashed curves, respectively. The values of the deblurring factor Δ versus the adjacency parameter 

α obtained by Huang et al. (2002, figure 3.a) with the Higher Resolution Satellite Images (HRSI) procedure, 

for a red band image of a landscape in Egypt, are depicted as red dots. The optimum adjacency parameter α 

predicted by the SEI is in the domain 0.10 to 0.11, showing excellent agreement with the optimum values  

α = 0.105 ± 0.005 obtained with the HRSI procedure, for the red and near infrared bands images over four 

landscapes (Huang et al., 2002, figure 3).       
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Table 5.2 shows the increase in the average deblurring factor predicted by the SEI 

procedure due to the use of the optimum deconvolution kernel based on a shrunk PSF, instead 

of using the customary deconvolution kernel based on an unshrunk PSF. 

Table 5. 2: Improvement in deblurring performance due to optimum kernel. Increase in 

average deblurring factor Δ according to the Synthetic Edge Images procedure 

implemented with Wiener filtering deconvolution, due to the use of the optimum shrunk 

PSF kernel as compared with the usual unshrunk PSF kernel.  

Type of point spread function Triangular Gaussian 

Average deblurring factor Δ with usual kernel (%) - 42 11 

Average deblurring factor Δ with optimum kernel (%) 34 52 

Increase in average deblurring (percentage points) 76 41 

 

5.4. Discussion 

 

5.4.1. Key result 

If the usual equation (1), that assumes a continuous image function, is used to describe 

the imaging process, the optimum deconvolution kernel is the sensor’s PSF, and the deblurred 

noise-free image is equal to the scene. This noise-free image is obviously the ideal image, 

deblurring is a trivial exercise and so restoration focuses exclusively on denoising. 

When the actual sampling occurring in the pixels of digital images is considered, equation 

(1) must be replaced by equation (4). The replacement of the ideal continuous image by the 

actual discrete image implies that the noise-free image is not equal to the scene. Moreover, the 

definition of an ideal noise-free unblurred image via equation (6) must be considered and it is 

by no means trivial which deconvolution kernel must be used in equation (5) to minimize the 

difference between the deblurred image and the ideal image. Thus, the quest for an optimum 

deconvolution kernel naturally arises. 

In a series of works a procedure, herein named as the Higher Resolution Satellite Images 

(HRSI) procedure, was implemented to find the optimum deconvolution kernel for satellite 

images. A systematic and unexpected result was that, independently of the spectral band and 

landscape, the optimum restoration kernel was a shrunk version of the Point Spread Function 

(PSF) of the Sensor Of Interest (SOI) and not the original (non-shrunk) PSF as it usually 

assumed nowadays in the deconvolution of modern satellite imagery (Llaveria et al. 2020, Ngo 

et al. 2021, Ji et al. 2024).  

 

The previous HRSI procedure has a series of drawbacks and limitations, so a new 

procedure using Synthetic Edge Images (SEI) was developed to replace it. The key result of 

this work is that the SEI procedure has been validated by showing that it predicts the same 

optimum deconvolution kernels of the HRSI procedure, with less effort and higher accuracy 

and versatility. 

 



                
Chapter 5                                                         A new procedure to find the optimum deconvolution kernel  

107 
 

  

5.4.2. Interpretation of result 

As shown by Huang et al. (2002, figure 4) the original PSF is the optimum deconvolution 

kernel when each pixel represents a uniform area, but when the mixed pixels of real-life satellite 

imagery are considered, the optimum kernel is a shrunk version of the original PSF. The 

optimum shrink factor depends on the shape of the PSF, so it must be found in a case-to-case 

basis. 

The fact that the HRSI and the SEI procedures predict the same optimum restoration 

kernel for a given PSF can be explained by considering that both procedures have exactly the 

same flowchart, as shown in Figures 5.1 and 5.2, and that they both consider a variety of mixed 

pixels to find the optimum kernel that minimizes the statistical difference between the ideal 

unblurred image and the restored deblurred image.  

For the Gaussian PSF, both procedures obtained the same small dispersion in the 

numerical value of the optimum kernel α = 0.105 ± 0.005. This dispersion arises in the HRSI 

procedure because different landscapes and bands were considered, and in the SEI procure 

because different edge’s slopes were considered. Thus, the change of landscape and spectral 

band in the HRSI procedure seems to be numerically equivalent to a change of the edge’s slope 

in the SEI procedure. The relatively small dispersion on the optimum value is reassuring as 

otherwise the practical utility of the deconvolution procedure would be threatened.  

5.4.3. Significance of result 

In its original form, the HRSI procedure was formulated in terms of a PSF’s adjacency 

parameter, but now a new and more general formulation of this procedure based on a PSF’s 

shrink factor has been developed. This new “shrink factor” formulation is applicable to any 

satellite sensor, whereas the previous “adjacency parameter” formulation is applicable only to 

sensors which have very restricted types of PSF. 

The new SEI procedure does not have the five drawbacks indicated in section 5.1.4 for 

the HRSI procedure so it can be easily applied to find the optimum deconvolution kernel for 

any type of sensor’s PSF, providing a substantial improvement of deconvolution procedures 

with a minimal effort. Moreover, the SEI procedure readily allows the study of the influence 

of the type and level of image noise in the selection of the optimum deconvolution kernels, 

something that cannot be done with the HRSI procedure as both noise parameters are fixed in 

the satellite image. Thus, a new and versatile tool is at disposal of procedures to deblur any 

type of digital images. 

The deblurring factor curve obtained here for the triangular PSF (Figure 5.5) supplements 

the single point result published by Huang et al. (1998) and indicates that a substantial image 

degradation is obtained if the usual deconvolution kernel (α = 0.25) is applied. The fact that 

deconvolution sometimes degrades the raw image instead of improving it is well-known (Hu 

et al. 2020, Scharr et al. 2021), this work shows that one of the reasons of these negative results 

may be the employment of the usual deconvolution kernel.    

In other cases, such as the one depicted in Figure 5.6 for a Gaussian PSF, the usual kernel 

(α = 0.15) provides only a marginal improvement, whereas the optimum kernel (α = 0.105) 

increases the deblurring factor Δ by a factor of four. 
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The results of Figures 5.5 and 5.6 suggest that deconvolution with the sensor’s PSF may 

have not achieved the popularity it deserves, because the usual deconvolution kernels may 

provide either negative or marginal improvements, respectively. The main significance of this 

work is that a new procedure to gauge the improvement of any type of deconvolution kernel 

has been developed and validated. 

5.4.4. Limitations and future work 

This work has considered only two simple PSFs with unidirectional (triangular PSF) and 

isotropic (Gaussian PSF) blurring. For these two PSFs a single synthetic edge alignment was 

required and small angular variations with respect to this alignment were performed by 

changing the edge’s slope. In the general case the PSF is not isotropic so at least three edge 

alignments (horizontal, vertical, and diagonal) will be required and small angle variations with 

respect to these three alignments should be considered. The overall deblurring factor Δ can be 

defined as the average of all the edges’ alignments considered. 

The deblurring factor Δ is a useful image quality metric, but by its own it does not fully 

describe the impact of deblurring on image quality. The MAD between the ideal and the 

restored image may be smaller than the MAD between the ideal and the raw image (positive 

Δ), but this does not guarantee that all pixels in the image are being improved. By being a mean 

value, the DNs of many restored pixels may be closer to their ideal values, but the DNs of some 

few pixels may be farther to their ideal values. Thus, other criteria could be developed and 

tested, for example to minimize the maximum absolute difference between any pixel in the 

ideal unblurred image and the restored deblurred image. 

In practice images may be corrupted by noise, this does not only limit the maximum Δ 

that can be obtained for the optimum kernel, but it also may impact the selection of the optimum 

shrink factor. The results of Huang et al. (2002) for different landscapes and bands suggest that 

the optimum shrink factor does not depend on the noise level, but all these results were obtained 

for the same isotropic Gaussian PSF, so it remains an open question how noise will impact 

other PSF shapes. The SEI procedure was validated here neglecting image noise, but it easily 

allows different type and levels of image noise to be considered.      

Only the same integrated PSF type of kernel used by Huang et al. (1998, 2002) was here 

employed, but the sampled PSF type of kernel has also been used for satellite images (Ruiz and 

Lopez 2002), and other types of deconvolution kernels may be defined, for example, a linear 

combination between integrated and sampled PSF kernels. The SEI procedure allows different 

types of PSF kernels to be compared to find the one that maximizes the deblurring factor. 

Finally, in this work only the Wiener and the regularized filters were employed to 

deconvolve the raw images, but several other methods have been used to deconvolve satellite 

images, for example, Lucy-Richardson and blind deconvolution (Ozan et al. 2023). The SEI 

procedure allows the optimum kernel obtained by different deconvolution methods to be 

compared.  

5.5. Conclusion 

Image deconvolution for blurring reduction, is a technique that improves the accuracy of 

various remote sensing applications in which the properties of the Earth’s surface are estimated 

in a per-pixel basis. These applications assume that the Digital Number (DN) of each pixel 
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measures only the properties of the area of the Earth’s surface that is represented by this pixel, 

neglecting the influence of adjacent pixels.  

The optimum deconvolution kernel is trivial when a hypothetical continuous image is 

assumed, but when the actual discrete image is considered, the optimum kernel is by no means 

trivial and must be found in a case-to-case basis. This fact has been overlooked by the remote 

sensing community, as the usual trivial kernel is extensively employed, leading to a diminished 

performance of image deblurring.     

A new procedure has been developed to find the optimum deconvolution kernels for 

satellite images with a known sensor Point Spread Function (PSF). This procedure uses 

Synthetic Edge Images (SEI) to produce the ideal, raw, and restored images required to 

compute the amount of deblurring provided by different deconvolution kernels. 

The new procedure has been validated by applying it to the same two types of PSFs that 

have been previously considered to obtain optimum deconvolution kernels using the Higher 

Resolution Satellite Images (HRSI) procedure implemented with Landsat TM images captured 

over four different landscapes using six spectral bands. This later procedure employs actual 

satellite images with a Ground Sampling Distance (GSD) that is an exact submultiple of the 

GSD of the sensor of interest and has several other drawbacks that limit hits application. 

Very good agreement has been obtained between the results of the HRSI and SEI 

procedures, confirming the little-known fact that the usual deconvolution kernel, which 

employs a kernel defined in terms of the system PSF, do not give optimum results, and can 

even degrade the raw image. Both procedures indicate that deconvolution kernels defined in 

terms of a shrunk version of the system PSF give optimum results. 

A new and more general formulation for the SEI and HRSI procedures, based on the PSF 

shrink factor, has been provided, showing that the original formulation of the HRSI procedure, 

based on an adjacency parameter, is only applicable to very restricted types of sensor PSF. 

The new SEI procedure is simpler, more accurate and more general than the original 

HRSI procedure, opening new research paths in satellite image deblurring.  
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6.1. Introduction 

The definition of the Spatial Resolution Distance (SRD) of satellite images is a complex 

issue; the various misunderstandings that surround this concept have been a recurring topic of 

concern in the remote sensing literature since Landsat 1 (NASA 1973, 104).  

 Although many subsequent works on imaging sensors have contributed to clarify some 

of the confusions that surround the concept of spatial resolution (Townshend 1981, Forshaw et 

al. 1983, Markham 1985, Fisher 1997, Cracknell 1998, Fiete 1999, Joseph 2000, NRC 2000, 

Townshend et al. 2000, Ryan et al. 2003, Reulke et al. 2006, Thomson 2009, Pagnutti et al. 

2010, Auelmann 2012, Verhoeven 2018, Valenzuela and Reyes 2019a) some misconceptions 

have not been eradicated. Among these misconceptions, currently the most prevalent is the 

identification of Ground Sampling Distance (GSD) with SRD (Verhoeven 2018).   

 The GSD is a rough approximation to the SRD of images captured by some channels of 

high-quality satellite sensors like Landsat and Sentinel, but it grossly underestimates the SRD 

(overestimates the resolution capability) of images captured by some CubeSat satellite sensors 

like Planet’s SuperDove. For example, NASA and ESA have independently analysed 

SuperDove’s images with GSD ≈ 3 m, concluding that their SRD is about five times larger 

(SRD ≈ 15 m) (NASA 2020, 12; Saunier and Cocevar 2022, 28). 

The GSD describes the size of the ground pixel, it has a simple definition, it is easy to 

compute and has the same meaning for all users. To resolve or separate two objects in the image 

they must be separated at least one GSD, otherwise there would be no separating pixel between 

them (Lillesand et al. 2015, 224). Thus, one of the reasons why the SRD is confused with the 

GSD is that this later distance is the minimum possible value of the former (SRD ≥ GSD). 

The SRD, also known as Ground Resolution Distance (GRD) when computed in the 

ground plane, has multiple definitions, it is usually much more difficult to compute than the 

GSD, and has different meanings for different users. The importance of the SRD is due to its 

threefold impact on the spatial performance of the satellite image: 1) Characterizes the 

minimum size of the ground area whose properties can be quantified. 2) Defines the minimum 

distance at which two small objects in the scene can be discerned as separate entities. 3) 

Determines the minimum size of the pixel-sized objects in the scene that can be identified.  

A point source, much smaller than one GSD, can easily be detected by any satellite sensor 

provided it is strong enough. This type of source is implemented by using convex mirrors that 

reflect the sun towards the satellite (Conran et al. 2021). The feat that the SRD characterizes is 

the ability to discern how close can two of these sources be separated in the ground, so they 

can still be detected as two separate entities in the image (Valenzuela and Reyes 2019a).  

 The fact that the SRD is always larger than the GSD is due to the non-ideal spatial 

response of the satellite sensor, which makes the pixel’s DN depend not only on the ground 

area it represents, but also on the surrounding area represented by adjacent pixels. 

 The usual and erroneous assumption that SRD = GSD implies that each pixel should 

represent the properties of a well-defined square area of GSD × GSD m2. In this ideal case, the 

sensor has the spatial response represented in Figure 6.1(a). All the energy measured by a pixel 

originates from the ground area represented by this pixel, so each pixel’s Digital Number (DN) 

represents an independent measurement of the properties of the Earth’s surface. Thus, the 
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minimum size of the ground area whose properties can be quantified equals the GSD in this 

ideal case.  

For some high-quality sensors such as Landsat or Sentinel 2, the SRD is roughly 1.5 

times larger than their GSD, in this case about 70 % of the energy measured by a pixel 

originates from the ground area represented by this pixel, the remaining 30 % originates from 

the surrounding areas represented by adjacent pixels (Pagnutti et al. 2010, Lee et al. 2014). In 

this case, the sensor has the spatial response represented in Figure 6.1(b). The minimum size 

of the ground area whose properties can be quantified in the image is described by the SRD, 

which is somewhat larger than the GSD.  

When the pixel’s adjacency effect is neglected, the radiometric accuracy of the image is 

compromised, because a pixel’s DN measures also the radiometric properties of the Earth’s 

surface that surrounds the area represented by the pixel. The resultant radiometric error depends 

on the difference between the ground area represented by a pixel and the surrounding area; if 

there is no difference the error is null, if there is a large difference the error is high (Cracknell 

1998). When the adjacency effect is acknowledged, some image processing techniques such as 

restoration are used to improve the SRD and the radiometric performance, so that each pixel 

measures with better accuracy the properties of the ground area represented by this pixel 

(Huang et al. 2002).  

For some CubeSat sensors such as SuperDove, the SRD is around five times larger than 

the GSD, in this case about 10 % of the energy measured by a pixel originates from the ground 

area represented by this pixel, the remaining 90 % originates from the surrounding areas 

represented by adjacent pixels. In this case, the sensor has the spatial response represented in 

Figure 6.1(c). The minimum size of the ground area whose properties can be quantified is 

described by the SRD, which is much larger than the GSD.  

The SRD does not only impact the spatial performance of the image, but also its 

radiometric performance. If the adjacency effect is very small (SRD ≈ GSD), the energy 

collected in the image plane due to a point source in the scene will distribute over a few pixels, 

so the increase of their DNs due to this source will be high. But, if the adjacency effect is very 

large (SRD >> GSD), this same energy will distribute over many pixels, so the increase of their 

DNs due to this source will be low. 

One of the main reasons why the GSD is the most popular metric to gauge the SRD is 

that the plethora of alternative SRD metrics available, which also predict a single value for the 

SRD, are usually more complex to compute and give widely disparate results. These 

discrepancies can be traced to the fact that the SRD of a sensor should not be described by a 

single number (Forshaw et al. 1983, Joseph 2000). The solution to this dilemma is to 

acknowledge that the SRD is a function of the resolving contrast in the image that allows two 

objects in the scene to be distinguished as two separate entities (Stelzer 1998, Valenzuela and 

Reyes 2019a).  

The recently developed Spatial Resolution Function (SRF) metric gives a comprehensive 

account of resolution phenomena by assuming two point sources in the scene and computing 

the SRD as a function of the actual resolving contrast in the image. The SRF allows the 

prediction of any single-value SRD metric to be assessed. In particular, the GSD is obtained as 
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a limiting case of the SRF and is shown to be applicable under very restricted circumstances 

(Valenzuela et al. 2022).  

Another issue of interest regarding the computation of the SRD of satellite sensors is the 

stability of this distance in the dynamic space environment. It will be shown that a drawback 

of CubeSat sensors with a large SRD/GSD ratio is that the SRD of their images is highly 

susceptible to variations in the state of the atmosphere and spacecraft vibrations. This is one of 

the main reasons behind the numerous radiometric inconsistencies reported for their images 

(Frazier and Hemingway 2021; Anger et al. 2019; NASA 2020, 19; Saunier 2020, 27). 

Considering that the SRD is one of the most important properties of a satellite image and 

that it is usually confused with the GSD, it is relevant to present a rigorous computation of the 

SRD for two different types of satellite imagers, assessing the errors and biases of some current 

methods to compute the SRD and, its in-orbit stability.  

The objective of this work is to apply the SRF metric to the green channels of Landsat 8 

and SuperDove imaging sensors, showing that the most popular single-value SRD metrics 

currently used are either erroneous or biased. The stability of the SRD in a space environment 

is studied by computing the susceptibility of the SRD to variations in the state of the atmosphere 

and spacecraft vibrations. 

Section 6.2 summarises some technical background in spatial response functions and 

spatial resolution metrics, that is required to grasp the computational methods presented in 

section 6.3. The relevant material collected from various sources about Landsat 8 and 

SuperDove is presented in section 6.3, together with the different methods required to process 

it. Section 6.4 presents the results obtained by using different metrics to compute the SRD of 

Landsat 8 and SuperDove channels. Section 6.5 discusses the results obtained and outlines 

future work in the subject.  

6.2. Background 

6.2.1. Spatial response functions 

6.2.1.1. Two-dimensional functions 

The spatial response of an imaging sensor is characterized by the Point Spread Function 

(PSF) or, equivalently, by its Fourier transform; the Optical Transfer Function (OTF). The PSF 

describes the spatial response of the sensor in the spatial domain whereas the OTF describes 

this response in the spatial frequency domain (Fiete 2010, Boreman 2021).  

The PSF is a Two-Dimensional (2D) function that describes how a single point source in 

the scene is represented in the image plane. It is more convenient to display the PSF in the 

image plane than in the ground plane because the shape of the PSF in the ground plane depends 

on the off-nadir view angle and the satellite height.  

In the image plane the horizontal distances are measured in pixels, with respect to the 

origin of coordinates that represents the position of the geometrical projection of the point 

source. To simplify the treatment, in what follows square pixels and a nadir looking view angle 

are assumed, so that each pixel in the image plane represents, from a geometric (not 

radiometric!) point of view, a square ground pixel of size GSD×GSD m2.   
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Figure 6.1 illustrates the PSF for three different sensors: (a) an ideal sensor; (b) Landsat 

8’s Green channel; and (c) SuperDove’s Green channel. The last two PSFs are computed as 

explained in section 6.3. In the figure, the values of the PSFs are measured in the vertical axis 

normalized to a peak value of 1.  

The horizontal axes of Figure 6.1 represent two orthogonal directions: along scan and 

cross scan. The Along Scan (AS) direction is the direction in which the satellite sensor scans 

its narrow field of view to form the image. The Cross Scan (CS) direction is perpendicular to 

the AS direction. In push broom scanners, the AS direction is the direction of the satellite track, 

whereas in whisk broom scanners, the AS direction is perpendicular to the satellite track.  
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The PSF of an ideal imager (Figure 1(a)) is a rectangular parallelepiped of unitary height 

and square cross section with a side length of one pixel. The widths of the PSF in AS and CS 

directions are both exactly one pixel. The DN measured by a pixel depends only on the 

properties of the square ground area of size GSD×GSD that is represented by this pixel. 

 

The PSF of Landsat’s 8 Green channel (Figure 1(b)) has an almost rectangular cross 

section in CS direction and a triangular cross section in AS direction. The widths of the PSF at 

its base (PSF ≈ 0) in AS and CS directions are approximately 2 and 1 pixels, respectively. The 

DN measured by a pixel depends mainly on the properties of the square ground area of size 

GSD×GSD that is represented by this pixel and, to a lesser extent, on the properties of the two 

adjacent ground pixels in AS direction. 

 

The PSF of SuperDove’s Green channel (Figure 1(c)) has a bell-shaped cross section in 

AS and CS directions. The widths of the PSF at its base (PSF ≈ 0) in AS and CS directions are 

both roughly six pixels. The widths of the PSF at half its maximum value (PSF = 0.5) in AS 

and CS directions are both roughly three pixels. The DN measured by a pixel depends mainly 

on the properties of a square ground area of size 3·GSD×3·GSD centred on this pixel and, to a 

lesser extent, on the properties of about 48 pixels that surround this square area, and which are 

located up to three pixels away from its perimeter. 

 

Once the PSF is known, all the other functions that describe the spatial response can be 

derived through the mathematical procedures presented in Figure 6.2. The definitions of the 

five spatial response functions of interest for our work are summarized in Table 6.1. 

 

Figure 6.1: Point Spread Function (PSF) of three imaging channels. The two-dimensional PSF is 

represented in the image plane over an extent of 10×10 pixels, for three imaging channels: (a) an ideal 

imaging channel with no adjacency effect; (b) Landsat 8’s Green channel; and (c) SuperDove’s Green 

channel. 
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The 2D OTF is obtained as the 2D Fourier transform of the PSF (Gaskill 1978, equation 

11.107), procedure labelled as M1 in Figure 6.2. From a mathematical viewpoint, it is much 

easier to compute the OTF in the spatial frequency domain than the PSF in the spatial domain. 

Thus, the 2D “system” OTF is usually computed using the method of multiplication of OTF 

components described in section 6.3.2.2. When the system OTF is known, the PSF is then 

obtained as its inverse 2D Fourier transform, procedure labelled as M2 in Figure 6.2. We have 

followed this later procedure to obtain the PSFs depicted in Figures 6.1(b) and 6.1(c). 

 

 

 Figure 6.2: Procedures used to obtain the different spatial response functions. The five spatial response 

functions of interest are displayed in rectangular boxes. The mathematical procedures used to derive a spatial 

response function from another spatial response function are displayed as arrows that connect these two 

spatial response functions. These mathematical procedures are labelled with the letter “M” and a correlative 

number. The image used to measure the spatial response is displayed in an oval shape. The empirical 

procedure that uses this image to obtain the Edge Spread Function (ESF) is labelled as E1 and displayed as 

an arrow that connects the image with the ESF. 
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Table 6.1: Spatial response functions considered in this work. 

 

6.2.1.2. One-dimensional functions 

 

Once the 2D PSF and OTF are known, the one-dimensional (1D) spatial response 

functions of interest can be derived through the mathematical procedures indicated in Figure 

6.2. If the PSF and OTF do not exhibit axial symmetry, the shapes of these three 1D functions 

will depend on the direction in which they are computed.  

 

Examples of these 1D functions were computed for Landsat 8’s Green channel in AS 

direction, using the OTF model described in sections 6.3.2.2, 6.3.2.3 and 6.3.2.5, and the results 

are graphically portrayed in Figure 6.3. Each one of these 1D functions has been used to derive 

several spatial resolution metrics (Valenzuela et al. 2022), the most popular of these metrics 

for each 1D function is graphically presented in Figure 6.3 and described below.    

 

The Edge Spread Function (ESF) is a 1D function that describes how a scene that 

contains a single straight edge, which separates two areas of different brightness, is represented 

in the image plane. Figure 6.3(a) presents as a blue curve the ESF in AS direction for Landsat 

8’s Green channel.  

 

The ESF in a certain direction can be computed as an integral of the LSF in this same 

direction (Schowengerdt 2007, equations 3-22), procedure labelled as M7 in Figure 6.2, or via 

the OTF by calculating the ESF integral of an OTF-1D cut in this same direction (Fiete 2010, 

equation 11.11), procedure labelled as M9 in Figure 6.2. In our case the ESF was calculated 

via the ESF integral. 

 

The Relative Edge Response (RER) of the ESF, depicted with a double-headed red arrow 

in Figure 6.3(a), measures the slope of the ESF at the edge. The General Image Quality 

Equation (GIQE) uses the ratio GSD/RER as spatial response parameter (Leachtenauer et al. 

1997), so this same ratio has been used to estimate the SRD of satellite imagers (Auelmann 

2012). 

 

To develop the OTF model of SuperDove’s Green channel, we have used the average 

RER parameters measured by its operating agency (Planet) in AS and CS directions.  

 

Spatial response 

function 
Definition 

Edge Spread Function 

(ESF) 

One-dimensional function that defines how a scene containing a single straight 

edge, that separates two areas of different brightness, is represented in the image 

plane. 

Line Spread Function 

(LSF) 

One-dimensional function that defines how a scene containing a single line 

source is represented in the image plane. It is equal to the derivative of an ESF 

computed in the same direction than the line source.  

Optical Transfer 

Function (OTF) 

Two-dimensional function that defines the spatial response of a sensor in the 

spatial frequency domain. It is equal to the Fourier transform of the PSF.  

Optical Transfer 

Function cut                   

(OTF-1D) 

One-dimensional function obtained by evaluating the two-dimensional OTF 

along a certain direction. It is equal to the inverse Fourier transform of the LSF 

in this same direction. 

Point Spread Function 

(PSF) 

Two-dimensional function that defines how a scene containing a single point 

source is represented in the image plane. It is equal to the inverse Fourier 

transform of the OTF.  
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The Line Spread Function (LSF) is a 1D function that describes how a single line source 

in the scene is represented in the image plane.  Figure 6.3(b) presents as a blue curve the LSF 

in AS direction for Landsat 8’s Green channel. 

 

The LSF along a direction of interest can be obtained by three methods. The first method 

is to perform a line integral of the PSF in a direction perpendicular to the direction of interest 

(Schowengerdt 2007, equations 3-21), procedure labelled as M3 in Figure 6.2. The second 

method is to compute the inverse Fourier transform of a 1D cut of the OTF along the direction 

of interest (Gaskill 1978, equation 11.130), procedure labelled as M6 in Figure 6.2. The third 

method is to compute the derivative of the ESF along the direction of interest (Schowengerdt 

2007, equations 3-21), procedure labelled as M8 in Figure 6.2.   

 

In our case, we have used the second method to compute the LSF, implemented through 

the MATLAB Fast Fourier Transform (FFT) routines to compute the inverse Fourier transform 

of the 1D OTF cut. To check the accuracy of the FFT routines we have use the third method 

and compare its results with those obtained by the second method.  

 

The Full Width at Half Maximum (FWHM) of the LSF, depicted with a double-headed 

red arrow in Figure 6.3(b), is a popular spatial resolution metric used to predict the SRD (Ryan 

et al. 2003, Pagnutti et al. 2010).    

 

To develop the OTF model of Landsat 8’s Green channel, we used the LSF measurements 

in AS and CS directions provided by its operating agency (Unites States Geological Survey).  

Figure 6.3: One-dimensional spatial response functions computed in this work for Landsat 8’s Green channel 

in Along Scan (AS) direction. The spatial response functions represented as blue curves are: (a) the Edge 

Spread Function (ESF); (b) the Line Spread Function (LSF); and (c) the Optical Transfer Function cut (OTF-

1D). For each function the magnitude of the parameter of interest for the respective spatial resolution metric 

is represented with red arrows. 
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To derive an OTF-1D cut from the 2D OTF, this later function is evaluated along the 

direction of interest. Let OTF(fx, fy) be the 2D OTF, fx the spatial frequency in x direction, and 

fy the spatial frequency in y direction. Then, the OTF-1D cut in x direction is OTF(fx, 0) and the 

OTF-1D cut in y direction is OTF(0, fy). 

 

The Modulation Transfer Function (MTF) is the absolute value of the OTF. The OTF is 

used here instead of the MTF because when SRD ≈ GSD it must be considered that for some 

spatial frequencies OTF < 0 to get the correct results.  

 

The most popular procedure to measure the spatial response of imaging sensors is the 

edge method (Pagnutti et al. 2010). In this empirical procedure a suitable straight edge in the 

scene is used to measure the ESF in a direction perpendicular to edge’s direction, procedure 

labelled as E1 in Figure 6.2. The LSF is obtained as the derivative of the ESF (procedure M8 

in Figure 6.2) and the Fourier transform of the LSF gives the OTF-1D cut in a direction 

perpendicular to the edge (Gaskill 1978, equation 9.166), procedure labelled as M5 in Figure 

6.2. Figure 6.3(c) presents as a blue curve the OTF-1D cut in AS direction for Landsat 8’s 

Green channel. 

  

The MTF50 spatial frequency, at which the OTF-1D cut achieves a 50 % of its peak value 

is used to compute the Effective Instantaneous Field OF View (EIFOV), a popular spatial 

resolution metric (Markham 1985, Bensebaa et al. 2012). The MTF50 spatial frequency is 

depicted within red arrows in Figure 6.3(c). 

 

6.2.2. Spatial resolution metrics   

 
Table 6.2: Spatial resolution metrics used in this study. 

 

There is consensus that either the PSF or the OTF fully describe the spatial response of 

an imaging sensor, but for a given PSF or OTF, there is no agreement on how the SRD should 

be measured or computed.  This lack of agreement is reflected in the fact that more than thirty 

different spatial resolution metrics have been used to compute the SRD of satellite images. 

These metrics differ on the way that the spatial response of the imaging sensor is considered in 

Spatial resolution metric Definition 

Effective Instantaneous Field of 

View (EIFOV) 

Half the reciprocal of the spatial frequency “MTF50” at which a one-

dimensional cut of the Optical Transfer Function (OTF) achieves 50 % of 

its peak value.   

Full Width at Half Maximum 

(FWHM) of the LSF 

Width of the Line Spread Function (LSF) measured at 50 % of its peak 

value. 

Generalized Rayleigh Criterion 

(GRC) 

Separation distance between two point sources in the scene, that allows 

them to be distinguished in the image as two separate objects, with an 

image’s resolving contrast of 25 %.  

Ground Sampling Distance 

(GSD) 

Projection of the Instantaneous Field Of View (IFOV) of the detector on 

the ground plane. 

Ground Spot Size (GSS) 
Projection of the Optical Field Of View (OFOV) of the optical aperture on 

the ground plane. 

Rayleigh Diffraction Limit 

(RDL) 

1.22 times the projection of the Optical Field Of View (OFOV) of the 

optical aperture on the ground plane. 

Relative Edge Response (RER) 
Slope of the Edge Spread Function (ESF) measured at two points  

separated half a pixel pitch from the edge (± 0.5 pixels). 

Spatial Resolution Function 

(SRF) 

Separation distance between two point sources in the scene, that allows 

them to be distinguished in the image as two separate objects, computed 

as a function of the image’s resolving contrast. 
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the computation of the SRD and so they predict widely different results (Valenzuela et al.  

2022). The metrics considered in this work are summarized in Table 6.2. 

 

A general taxonomy to classify spatial resolution metrics considers the following three 

types (Valenzuela et al. 2022): 

 

6.2.2.1. Theoretic metrics 

 

As their name indicates, these metrics are based on theoretical assumptions, without 

considering the actual spatial response of the imaging sensor. These metrics assume that the 

SRD is a single value that can be computed as a function of some sensor parameters. The most 

common sensor parameters used by Theoretic metrics are the pixel pitch p of the detector array, 

the focal length F of the optics, the diameter D of the optical aperture and the wavelength λ of 

the detected radiation.  

 

From these four parameters, two angular parameters are derived. The Instantaneous Field 

Of View (IFOV) of the detector is defined as the pixel pitch to focal length ratio (IFOV = p/F) 

and the Optical Field of View (OFOV) of the optical aperture is defined as the wavelength to 

aperture’s diameter ratio (OFOV = λ/D). The GSD and the Ground Spot Size (GSS) are the 

projections of the IFOV and OFOV, respectively, on the ground plane. For a nadir-looking 

satellite sensor at an orbital height H, GSD = IFOV·H and GSS = OFOV·H (Fiete 1999). These 

parameters are illustrated in Figure 6.4. 

 

 
 

 

 

 

 

 

The Optical factor Q can be defined as the ratio between the GSS and the GSD, or 

equivalently as the ratio between the OFOV and the IFOV (Fiete 1999):  

 

   𝑄 =  
(GSS)

(GSD)
=

𝜆

𝐷
 𝐻 

𝑝

𝐹
 𝐻 

=
𝜆

𝐷

𝐹

𝑝
 =

(OFOV)

(IFOV)
                                                            (1)                                                      

Figure 6.4: Pictorial representation of the parameters involved in the definition of Ground Sampling 

Distance (GSD) and Ground Spot Size (GSS) for a satellite imaging sensor. The upper figure represents the 

GSD as the projection of the Instantaneous Field Of View (IFOV) on the ground plane. The lower figure 

represents the GSS as the projection of the Optical Field Of View (OFOV) on the ground plane.   
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For high-quality imagers, if Q << 1, the response of the detector predominates, so in this 

case the angular width of the PSF, measured at half power points, is approximately equal to the 

IFOV, and, if Q >> 1, the response of the optics predominates, so in this case the later width is 

approximately equal to the OFOV. The quality an imager will be quantified through the 

Resolution Degradation Index to be defined in section 6.3.4. This index measures the 

degradation of the SRD due to sensor’s imperfections, if this degradation is small the sensor is 

considered high-quality, otherwise it is considered low-quality. 

 

Theoretic metrics usually assume that the SRD is proportional to the GSD (“detector” 

metrics), proportional to the GSS (“optics” metrics) or a simple function of the GSD and the 

GSS (“system” metrics).   

 

The most popular of all Theoretic metrics simply assumes that SRD = GSD, this is a 

rough approximation for high-quality imagers with Q << 1, but it grossly underestimates the 

SRD for imagers with Q >> 1 or for low-quality imagers.    

 

Another popular Theoretic metric is the Rayleigh Diffraction Limit (RDL) which 

assumes that SRD = 1.22·GSS (Fiete 2010, 109), this is a rough approximation for high-quality 

imagers with Q > 1, but it grossly underestimates the SRD for imagers with Q << 1 or for low 

quality imagers.    

 

The SRD can be measured on the ground plane in units of distance or equivalently on the 

image plane in pixel pitch units. A distance of one GSD in the ground plane corresponds to one 

pixel pitch in the image plane, so for example, if SRD = 3·GSD m in the ground plane 

(Verhoeven 2018), then SRD = 3 pixels in the image plane. Pixel pitch units are convenient 

because they remove the dependency of the SRD on satellite height.   

 

6.2.2.2.   Spatial Response metrics 

 

Spatial Response metrics assume that the SRD is a single value equal to a certain property 

of the PSF or OTF of the imaging sensor. These metrics are usually much more accurate than 

Theoretic metrics because they consider the actual spatial response of the imaging channel to 

compute the SRD. The most popular Spatial Response metrics are: 

 

1. Relative Edge Response (RER). The RER is the slope of the ESF, measured at ± 0.5 pixels 

from the edge: RER= ESF(+0.5) – ESF(0.5) (Fiete 2010, 183). GSD/RER is the spatial 

resolution metric used in the General Image Quality Equation (Leachtenauer et al. 1997), so 

when the RER is used as a spatial resolution metric, it predicts SRD = 1/RER pixels 

(Auelmann 2012, 13). Figure 6.3(a) illustrates the computation of the RER. 

 

2. Full Width at Half Maximum (FWHM) of the Line Spread Function (LSF). This width is a 

basic characteristic of the LSF curve. When the LSF’s FWHM is used as a spatial resolution 

metric it predicts SRD = FWHM pixels (Ryan et al. 2003, Pagnutti et al. 2010). Figure 6.3(b) 

illustrates the computation of the LSF’s FWHM. 

  

3. Effective Instantaneous Field Of View (EIFOV). The EIFOV is defined as half the 

reciprocal of the spatial frequency “MTF50” (in cycles per pixel) at which the system MTF 

achieves a 50 % of its peak response. This metric predicts SRD = 1/(2·MTF50) pixels 

(Markham 1985, Bensebaa et al. 2012). Figure 6.3(c) illustrates the computation of the 

MTF50 spatial frequency.  
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The main limitation of Spatial Response metrics is that they assume that the SRD is a 

single value, without considering the fact that in practice the SRD is a function of the resolving 

contrast in the image (Stelzer 1998).  Regarding this issue, Forshaw et al. (1983, 499) had 

already stated that “one of the greatest obstacles to clear understanding is the insistence on a 

single-valued measure for spatial resolution” while Stelzer (1998, 16) concluded that “it does 

not make any sense to discuss contrast and resolution as if they were independent terms”.  

 

6.2.2.3. Two-point source metrics 

 

One of the most practical, rigorous, and general approaches to define the SRD of a sensor 

is the two-point source criterion. Under this criterion the SRD is defined as the smallest 

distance between two closely spaced point sources of equal intensity in the scene, that allows 

them to be detected as two separate objects in the image. This definition has been adopted for 

astronomy (Den Dekker and Van den Bos 1997), microscopy (Cremer 2012, 373), human and 

robotic vision (Calvo et al. 1996), medical imaging (Kouame and Ploquin 2009), airborne 

sensors (Reulke et al. 2006), digital cameras (Fiete 2010, 109) and satellite sensors (Valenzuela 

et al. 2022). 

 

The use of convex-mirrors as virtual point-sources for in-orbit spatial resolution 

measurements has allowed the two-point source criterion to achieve a solid empirical 

foundation, being the preferred approach for a direct measurement of the in-orbit SRD satellite 

of imagers (Conran et al. 2021).   

 

Both “Spatial Response” and “Two-point Source” metrics consider the actual spatial 

response of the sensor. But whereas Spatial Response metrics attempt to define SRD as single 

number which represents a property of the spatial response, Two-point Source metrics use this 

later response to compute the actual resolving contrast that allows the sources to be separated 

in the image. These later metrics are subclassified as “Single-Value” metrics, when a given 

value of resolving contrast is of interest, or as “Contrast-Function” metrics, when the full range 

of contrast values of interest is considered. 

 

Two closely spaced point sources of equal strength in the scene, are considered to be 

resolved or separated in the image, when a certain resolving contrast C is achieved between 

them, as illustrated in Figure 6.5. In this figure, the projections of the two sources in the image 

plane are located near the centres of pixels 4 and 6, and the signals due to these two sources 

extend from pixel 2 to 8 due to the adjacency effect.  The maximum signal Imax occurs at pixels 

4 and 6 and the minimum signal Imin in between these two pixels occurs at pixel 5.  The 

resolving contrast is defined as: 

 

                                  C = (Imax - Imin)/Imax                                     (2) 

 

Where Imax is the maximum DN measured at the two signal peaks and Imin is the minimum 

DN between these two peaks. 

 

The Generalized Rayleigh Criterion (GRC) is a Single-Value (Two-point Source) metric 

that removes the fundamental limitations of the (Theoretic) Rayleigh Diffraction Limit metric, 

by defining the SRD as the distance required to achieve a given resolving contrast in the image 

(Den Dekker and Van den Bos 1997). The GRC has been successfully used to compute the 

SRD of airborne cameras using C = 0.25 as resolution criterion (Reulke et al. 2006).  

  



                
Chapter 6                                                                                          Assessing the spatial resolution distance  

123 
 

  

 
 

 

 

 

 

 

 

 

For a given source separation, the resolving contrast is maximized when the two sources 

are located symmetrically with respect to a pixel centre as shown in Figure 6.5. The relevance 

of the central symmetry condition will be now illustrated by using the two-point source 

criterion to conceptually deduct the SRD of an ideal sensor, which has the spatial response 

presented in Figure 6.1(a).  

 

For an ideal sensor only the two “signal” pixels where the projections of the sources are 

located will have a signal Imax and, as there is no adjacency effect, there will be no signal in 

adjacent pixels. Under the central symmetry condition, if the two sources are separated at a 

distance of one pixel (plus an infinitesimal distance) there will be no signal in the pixel between 

the two signal pixels, so Imin = 0, that is C = 1. In this ideal condition, the GSD metric that 

predicts SRD = 1 pixel is exact as 100 % contrast is generated with a separation of 1 pixel 

between sources. For smaller separations, resolution is not physically possible as there is no 

pixel between the two signal pixels; this fact has already been noted by Lillesand et al. (2015, 

224). But, if the sources are now located symmetrically with respect to a pixel edge, then the 

sources will have to be separated at a minimum distance of two pixels (plus an infinitesimal 

Figure 6.5: Example of resolving contrast computation. Two point sources of identical strength in the scene 

are projected in the image plane on pixels 4 and 6, being separated in this plane at a distance of 1.8 pixels. The 

maximum signal level Imax is produced in pixels 4 and 6, where the projections of the sources are located. Due 

to the adjacency effect, signal is generated in pixels 2 to 8. The minimum signal level Imin between the two 

pixels with maximum signal occurs at pixel N° 5. The resolving contrast is defined as the difference between 

Imax and Imin divided by Imax .  
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distance) to achieve 100 % contrast. In the edge symmetry condition SRD = 2 pixels, because 

for any separation smaller than two pixels there are no pixels in between the two signal pixels. 

 

The fact that the ideal sensor has SRD = 1 pixel for central symmetry and SRD = 2 pixels 

for edge symmetry, shows that the GSD metric (SRD = 1 pixel) can be used as an 

approximation to the SRD of actual sensors, only if central symmetry is assumed.    

 

The SRF is a Contrast-Function (Two-Point Source) metric that assumes central 

symmetry and uses the two-point source criterion to compute the SRD as a function of the 

resolving contrast C. The computation of the SRF has the following three stages, whose details 

and steps are discussed further in section 6.3.3:  

 

1.  Set computational framework 

 

Assume a scene with only two point sources of equal strength separated at a given 

distance of s pixels. Specify an adequate phasing between the scene and the detector grid so 

that the sources can be resolved at the minimum possible distance. Set the framework required 

to compute the resulting image resolving contrast C as a function of the separation distance. 

 

2.  Compute contrast versus separation  

 

Gradually vary the separation s between sources, starting from s slightly less than one 

pixel, computing the contrast C for each separation until the maximum resolving contrast of 

interest C = Cmax is obtained. For actual sensors, 100% contrast requires in theory an infinite 

separation distance, so in our case Cmax = 0.99 was considered adequate as the maximum 

contrast of interest.  

 

 
 

 

 

 

 

Figure 6.6: Two examples of the computation of image resolving contrast C versus separation distance s 

between two-point sources. The red lines show the C(s) function for the ideal imager, which changes from          

C = 0 to C = 1 at s = 1 pixel. The green curve shows the C(s) function for Landsat 8’s Green channel in AS 

direction, in which the contrast starts to gradually increase from C = 0 when the separation s is greater than 

1.27 pixels.  
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3.  Compute resolution distance versus contrast  

  

Invert the C(s) function and define the function s(C) over the domain 0 ≤ C ≤ Cmax as the  

Spatial Resolution Function: SRF(C) = s(C). This function gives the SRD as a function of 

image contrast: SRD(C) = SRF(C). 

 

 
 

 

 

 

 

 

 

 

 

 

Figure 6.7: Example of the computation of spatial resolution metrics for Landsat 8’s Green channel in AS 

direction. The green curve shows the Spatial resolution Function (SRF), the blue dot on this curve at                         

C = 0.25 represents the prediction of the Generalized Rayleigh Criterion (GRC) which is identical to the 

SRD predicted by the SRF for this same value of contrast. The dashed horizontal lines show, from bottom 

to top, the SRD predicted by the following metrics: Rayleigh Diffraction Limit (RDL); Ground Sampling 

Distance (GSD); Full Width at Half Maximum (FWHM) of the Line Spread Function (LSF); Effective 

Instantaneous Field Of View (EIFOV); and Relative Edge Response (RER). Only the RER metric predicts 

an SRD that allows some resolving contrast to be obtained in the image, the RDL, GSD, LSF’s FWHM and 

EIFOV metric fail because they predict an SRD at which it is not possible to resolve the two sources. 
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Figure 6.6 shows an example of the results of the previous stage 2, displaying as a green 

curve the C(s) function for Landsat 8’s Green channel in AS direction. This figure also displays 

the C(s) function for an ideal sensor using red straight lines. Whereas the resolving contrast for 

the Green channel increases gradually from zero after a minimum separation of 1.27 pixels, the 

resolving contrast for the ideal sensor changes abruptly from zero to 100 % when the separation 

exceeds 1.0 pixel by an infinitesimal amount.  

 

Figure 6.7 shows an example of the results of stage 3, displaying as a green curve the 

SRF function for Landsat 8’s Green channel in AS direction. The SRD predicted by the GRC 

for C = 0.25 is represented by a single blue dot on the SRF curve.  

 

The minimum value of the SRF always occurs for C = 0, in this example it is                             

SRF(C = 0) =1.27 pixels. This minimum no-contrast value is named as Sparrow’s limit in 

analogy with the optical case in which no resolving contrast is obtained (Verhoeven 2019). A 

small separation distance above Sparrow’s limit will give a small contrast, but in practice larger 

values of contrast may be required to resolve the two sources. The minimum value of contrast 

will depend on the application at hand and the Signal to Noise Ratio (SNR) of the image 

(Valenzuela et al. 2022). In any case, it is not possible to resolve two point sources separated 

at a distance smaller than Sparrow’s limit.  

 

The SRDs predicted by some Theoretic and Spatial Response spatial resolution metrics 

for Landsat 8’s Green channel, have been presented in Figure 6.7 as dashed horizontal lines. 

From the two-point source criterion perspective, most of these metrics fail, as they predict an 

SRD smaller than 1.27 pixels, which does not allow the sources to be resolved.  This is the case 

of the RDL (SRD = 0.11 pixels), the GSD (SRD = 1.00 pixels), the LSF’s FWHM (SRD =1.01 

pixels), and the EIFOV (SRD =1.12 pixels). Only the RER metric (SRD =1.33 pixels) provides 

an SRD prediction for which the sources may be detected as two separate objects in the image.   

  

6.3. Materials and Methods 

6.3.1. Selection of imaging sensors and channels  

 

CubeSats have established themselves as one of the most versatile versions of small 

satellites, allowing an unprecedented temporal resolution in remote sensing from Low Earth 

Orbit (LEO). The Planet constellation is one of the most successful innovations in CubeSat 

technology, comprising more than two hundred 3U ~ 6 kg “SuperDove” satellites in orbit, 

allowing daily revisit of almost any point of interest over the Earth’s surface. This constellation 

challenges the traditional space agency deployed remote sensing satellites by matching their 

spectral resolution and attempting to surpass their spatial resolution (Safyan 2015).  

SuperDove has been selected as a representative of CubeSat remote sensing satellites 

because the widespread availability of its images has triggered multiple studies to measure its 

spatial response (Anger et al. 2019, Gabr et al. 2020, NASA 2020, Saunier 2020, Kim et al. 

2021, Bahloul et al. 2021, Saunier and Cocevar 2022). Thus, the spatial response of SuperDove 

can be assessed more thoroughly than the spatial response of other CubeSat imagers. 

Landsat 8 was selected as a representative of traditional remote sensing satellites, because 

80 spatial response parameters are available for each one of its channels (USGS 2019). For 

 
 A “U” is the CubeSat unit for mass and volume, which amounts to a cubic volume of one litre (10 ×10 ×10 

cm3) and a weight between 1 and 2 kilograms. 
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other traditional satellites like Sentinel 2, only two parameters are usually available (Gascon et 

al. 2017). Thus, Landsat 8 allows a much more accurate spatial response’s study than other 

traditional remote sensing satellites. 

To select the channels, it was considered that Planet regularly delivers the average RER 

for SuperDove in AS and CS directions, but only for its “Green ii” channel (Bahloul et al.  

2021). Consequently, the Green ii channel was selected for this study.   

The effect of atmospheric turbulence in the spatial response of satellite imagers is heavily 

dependent on wavelength. Thus, to compare this effect on an equal basis for SuperDove and 

Landsat 8, the green channel of Landsat 8 that has almost the same wavelength that 

SuperDoves’s Green ii channel was selected.  

Therefore, the selection of the imaging channels was conditioned by the RER data 

released by Planet, and the need to consider two channels of similar wavelengths. The relevant 

parameters of the selected channels, their sensors and their satellite platforms are presented in 

Table 6.3. These parameters will be considered for the computation of the spatial response of 

the channels and in the computation of the SRD predicted by the different spatial resolution 

metrics. 

Table 6.3: Parameters of SuperDove and Landsat-8 satellites, their remote sensing instruments, and 

their green channels.  

Parameter SuperDove Landsat 8 

Satellite mass (kg) 5.8 2623 (at launch) 

Orbital height (km) 475 705 

Sensor PSBlue / PSB.SD OLI 

Optical aperture’s diameter (mm) 90 135 (equivalent; non-circular) 

Linear obstruction ratio ε 0.43 (estimated) 0 (clear aperture) 

Pixel pitch p (μm) 5.5 36 

Focal length F (mm) 700 886 

Channel number – name 4 – Green ii  3 – Green  

Centre wavelength λ (nm) 565 562 

Channel bandwidth (nm) 36 59 

Nadir looking GSD (m) 3.7 (native)  / 3 (L3B) 30 

IFOV = p/F (μrad) 7.9 (native) / 5.6 (L3B) 41 

Optical factor Q 0.80 (native) / 1.12 (L3B) 0.10 

Along scan oversampling factor 1.0 (assumed) 0.85 

References 

Safyan 2015, 

Bahloul et al. 2021, 

Fernandez-Saldivar et al. 2020. 

Figoski et al. 2009, 

USGS (n.d.). 

 

6.3.2. Computation of the Spatial Response 

6.3.2.1. General procedure 

 

The spatial response of the green channels of SuperDove and Landsat-8 will be computed 

using the OTF methodology, applying the following six-step procedure for each channel: 

 

1. Collect data about the channel’s sensor. 

 

2. Collect data about the channel’s spatial response measurements and select the key 

measurements that the OTF model must match. 
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3. Build an OTF model of the channel using the sensor’s data collected in step 1. 

 

4. Use the OTF model to compute the channel’s spatial response functions required to match 

the key measurements selected in step 2 (Figure 6.2).  

 

5. Adjust the unknown parameters of the OTF model so that the spatial response predicted by 

the model matches the key measurements. 

 

6. The OTF model that best matches the key measurements is selected to describe the spatial 

response of the channel. 

 

As shown in Figure 6.2, once the 2D OTF is known all the other spatial response 

functions can be found by using the required mathematical procedures. For SuperDove, the 

RER in AS and CS directions were selected as key measurements. As illustrated in Figure 

6.3(a), the RER is a property of the ESF, so the ESF in AS and CS directions are the spatial 

response functions required to match these measurements. For Landsat 8, the set of LSF 

measurements in AS and CS directions were selected as key measurements, so the LSF in AS 

and CS directions are the spatial response function required to match these measurements.

  

6.3.2.2. Optical Transfer Function model 

 

The basic assumption of the OTF methodology is that the system OTF is equal to the 

product of the OTF of all the system’s components that contribute to the spatial response. A 

wide variety of components can be considered, and for a given component, many different OTF 

models may be available (Cota et al. 2010, Fiete 2010, Fiete and Paul 2014, Boreman 2021).   

 

To build the OTF models for the Green channels of SuperDove and Landsat 8, the 

following OTF components have been selected (the specific OTF equation used to model each 

one of these components is indicated within parenthesis):  

 

1. Ideal square detectors with partial fill factor (Fiete and Paul 2014, equation 21). 

 

2. Ideal annular optical aperture (Fiete 2010, equation 5.35).  

 

3. Ideal scan in the Along Scan (AS) direction considering the possibility of oversampling 

(Fiete and Paul 2014, equation 14). 

 

4. Random optical aberrations characterized by their Root Mean Square (RMS) wavefront 

error using Shannon’s parabolic OTF model (Fiete 2010, equation 5.49). 

 

5. LOS jitter characterized by the standard deviation of the Gaussian OTF model (Fiete 2010, 

equation 7.11).  

 

6. Charge diffusion in detectors characterized by their equivalent charge diffusion length using 

a Lorentzian OTF model (Davis et al. 1998). 

 

7. Charge transfer inefficiency (Fiete 2010, equation 6.34). 

 

8. Atmospheric turbulence (Li et al. 2012, equation 8). 
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The first three OTF components model the three basic elements of an ideal satellite 

imager: detector, optics, and scan. Component 4 models the degradation of the optical system, 

component 5 models the degradation of the scan movement, components 6 and 7 model the 

degradations of the detectors, and component 8 models the degradation of the whole system 

due to an imperfect transmission media between the scene and the sensor. 

 

A more rigorous OTF model should consider the computation of the polychromatic OTF, 

which must be calculated in terms of the spectral response of the channels (Cota et al. 2010). 

But, as shown in Table 6.3, for the two Green channels of interest the spectral bandwidth is 

much smaller than the centre wavelength, so the monochromatic OTF is a good approximation 

to the polychromatic OTF. Therefore, a monochromatic OTF will be assumed. This assumption 

allows a considerable simplification as there is no need to consider the spectral response of the 

channels, and to compute the OTF at each wavelength within this response, only the 

computation of the OTF at the centre wavelength is required. 

 

It will be assumed that the key spatial response measurements, that the OTF model will 

match, have been performed in a “baseline” condition, named Case 1. This baseline case has 

negligible atmospheric turbulence (OTF component 8) and a low level of jitter (OTF 

component 5). To study the stability of the spatial response, two other cases will be considered: 

strong turbulence and high jitter. Thus, the OTF will be computed for the Green channels of 

SuperDove and Landsat 8, in the three following cases:  

 

Case 1: Baseline case with low jitter and negligible turbulence. 

Case 2: Turbulent case with low jitter and strong turbulence. 

Case 3: Jitter case with high jitter and negligible turbulence. 

6.3.2.3. General overview of the Green channels’ OTF models 

The OTF models of the Green channels were initially built by considering the parameters 

of Table 6.3. For SuperDove, the OTF model of the Level 3 B (L3B) image was built using the 

methods described in section 6.3.2.4. For Landsat 8, the OTF model was built using the 

methods described in section 6.3.2.5.    

The unknown parameters of both OTF models were adjusted so that the predicted spatial 

response matches the key spatial response measurements. These key measurements are shown 

in Table 6.4 (second and third lines) and Figure 6.8 (red dots), for SuperDove and Landsat 8, 

respectively. The final values assumed for these unknown parameters are presented in Table 

6.5.  

              Table 6.4: Spatial response parameters measured for SuperDove’s L3B Green ii channel images. 

 

 

 

 

 

 

 

Parameter Value References 

Average RER in along-track direction 0.234 
Bahloul et al. 2021, 21 

Average RER in cross-track direction 0.224 

   

RER (Unspecified direction) 0.25 
Kim et al. 2021,16 

LSF’s FWHM (Unspecified direction) 3.7 pixels 

   

LSF’s FWHM (Unspecified direction) 6 pixels Saunier and Cocevar 2022, 28  
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                            Table 6.5: Values assumed for the unknown OTF parameters of the Green channels. 

The jitter parameter σ represents low jitter, so it is not applicable to Case 3. 

 

 

The values assumed for the unknown parameters of Table 6.5 are not necessarily 

representative of the actual values, as the channel’s spatial response is defined by the product 

of its OTF components. Thus, different combinations of parameters at the component level can 

be used to match the key measurements. 

Furthermore, different models for some OTF components or even different OTF 

components could have also been used to match the key measurements. For example, the OTF 

component that describes the defocus issues of SuperDove (Fernandez-Saldivar et al. 2020) 

has not been considered in the model of section 6.3.2.2, so in our model some actual (unknown) 

defocus may have been indirectly considered by assuming a jitter deviation larger than the 

actual deviation. 

For our purposes, the modelling differences between the actual and the assumed OTF 

components are not critical, providing the system’s spatial response predicted by the OTF 

model is similar to the actual spatial response.  

Parameter SuperDove Landsat 8 

Along scan (AS) pixel fill factor 1.00 0.92 

Cross scan (CS) pixel fill factor 1.00 1.00 

RMS wavefront error (wavelengths) 0.13 0.095 

Standard deviation of LOS jitter σ (pixels) 0.53 0.02 

Equivalent charge diffusion length (pixels) 0.45 0.07 

Charge transfer inefficiency (percent) 0.012 0.00 

Number of charge transfers 8800 N/A 

Figure 6.8: Line Spread Functions for Landsat 8’s Green Channel in Along Scan (AS) and Cross Scan (CS) 

directions. The Line Spread Function (LSF) predicted by the OTF model is presented as a blue line, the values 

measured for the LSF are presented as red circles. The unknown parameters of the OTF model were adjusted 

to provide the best possible match in both directions.   
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6.3.2.4. SuperDove’s Green channel model 

The computation of the PSF of Planet’s Dove satellites has been considered unfeasible 

due to the complex image processing that is performed to deliver the final product and the 

limited design data available about the optics, detectors, and resampling kernels (Saunier 2020, 

28). This consideration may have also been conditioned by the inconsistencies of image quality 

measurements between different Dove satellites (Saunier 2020, 27). 

Although these same considerations apply to SuperDove, we have developed an 

approximate OTF model that matches the average RER values in AS and CS directions, 

delivered by Planet for SuperDove’s L3B orthorectified image (GSD = 3 m). These RER values 

are presented in the second and third lines of Table 6.4, being roughly similar to the RER value 

measured by Kim et al. (2021), which is shown in the fourth line of this later table.  

Planet computes the RER of the resampled 3-meter L3B image by multiplying the RER 

of the native image by a constant factor equal to the ratio between the resampled GSD (3 m) 

and the average native GSD. This constant is calculated by Planet using several edge targets 

around the world and a large number of images, it is disseminated four times a year being 

relatively stable with time, for this study the value 0.717 employed by Bahloul et al. (2021, 21) 

will be used. 

Planet assumes that the RERs of the L3B image can be calculated from the native image 

RERs by considering that the effective L3B pixel pitch is 0.717 times the actual pixel pitch 

(Bahloul et al. 2021, 21). We use this same assumption to obtain the L3B values for                            

Q = 0.80/0.717 = 1.12 and IFOV = 7.86×0.717 = 5.6 μrad. 

In satellite imagers the Along Scan (AS) RER is usually smaller than the Cross Scan (CS) 

RER, because the scan movement degrades the spatial response only in AS direction. 

SuperDove uses a push-frame mode to capture its images, so the scan direction is given by the 

track direction. The RER values disseminated by Planet, consistently indicate that the cross-

track (CS) response is more degraded than the along-track (AS) response. To account for this 

issue in the OTF model, we assume that the relative excess in CS degradation is due to charge 

transfer inefficiency, an OTF component which does not degrade the spatial response in AS 

direction (Fiete 2010, equation 6.34).  

With this additional CS OTF component, the unknown parameters of the OTF model can 

be adjusted to match Planet’s L3B average RER values within the three significant figures 

given in Table 6.4. The resultant values for unknown parameters are shown in the second 

column of Table 6.5.  

The final result is a rough OTF model for the Green ii channel, which uses the effective 

pixel pitch to consider the image reconstruction process required to deliver a 3 m GSD using 

native images with GSD ≥ 3.7 m. A more accurate model should consider the polychromatic 

OTF, an additional defocus OTF component, the native image parameters, and the additional 

OTF components that are required to describe the image resampling and reconstruction 

processes. 

6.3.2.5.  Landsat-8’s Green channel model 

The LSFs of Landsat 8 were measured before launch for all channels in AS and CS 

directions, so that their in-orbit spatial response could be accurately characterized (USGS 

2019). The unknown OTF parameters of the Green channel model were adjusted to match the 

measured LSFs in both directions. Figure 6.8 shows the LSFs predicted by the OTF model 

against the measurements; a good match is obtained even down to three orders of magnitude 
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below the peak response. The values assumed for the unknown parameters are shown in the 

third column of Table 6.5.  

The final result is an approximate OTF model that uses an equivalent circular aperture to 

consider a non-circular optical aperture of undisclosed shape (Bergstrom and Dissly 2012, 4).  

A more accurate OTF model should consider the polychromatic OTF, the actual shape of the 

optical aperture, and the corresponding difference of the optical factors in AS and CS 

directions. 

6.3.3. Computation of Spatial Response Function 

Once the OTF model is built, the computation of the SRD predicted by the RER, LSF’s 

FWHM, and EIFOV metrics is straightforward. The ESF, LSF, and OTF-1D are computed in 

AS and CS directions using the procedures indicated in Figure 6.2, and then the parameters 

required to compute the SRD predicted by these metrics are found as illustrated in Figure 6.3. 

The computation of the SRF is more involved. Once the PSF is known, the SRF can be 

computed in AS and CS directions using the following procedure (Valenzuela et al. 2022): 

1. Set Computational Framework. 

 

a. Compute the PSF of the channel of interest. Assume that the PSF(x, y) is computed at a 

set of discrete points such that x = n·δx and y = n· δy, where PSF(0, 0) = 1 is the peak 

PSF, δx = δy, and n = 0, 1, 2, 3,… 

 

b. Consider an ideal scene with only two point sources of equal intensity separated at a 

distance s·GSD m. Thus, the separation between the geometrical projections of the two 

point sources in the image plane is s pixels. 

 

c. Assume that the projections of the two sources in the image plane are symmetrical with 

respect to a pixel centre named Pixel 0, as is illustrated in Figure 6.9. In this figure, these 

projections are represented as black dots, and the centre of Pixel 0 is represented by the 

symbol “Ꚛ”.  As discussed in section 6.2.2.3, and illustrated in Figure 6.6 with red lines, 

the centre symmetry assumption allows SRD = SRF = GSD for an ideal imager. 

 

 

 

 

 

 

Figure 6.9: Conditions required to compute the Spatial Resolutions Function (SRF) in horizontal direction. 

The projections of the two point sources in the image plane are represented as black dots. These two 

projections are symmetrical with respect to the centre of Pixel 0 depicted by the symbol “Ꚛ”. The two point 

sources are separated at a variable distance “s” by moving along the dashed horizontal straight line that 

passes through the centre of Pixel 0.      
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d. Assume that the separation distance s is varied by moving the two point sources along a 

straight line, orientated in the direction of interest (AS or CS), passing through the centre 

of Pixel 0. In Figure 6.9 this line is represented as a dashed line orientated in horizontal 

direction. This assumption maximizes the signal Imax and provides an additional 

symmetry condition in the image plane that simplifies the search for the pixel with Imax. 

 

e. The separation s must be an integer multiple of 2·δx so that the SRF can be computed 

without the need of interpolation, with a resolution δs = 2·δx.    

  

f. For a given separation s, neglect noise and compute the signal for all the pixels of the 

image by considering the superposition of two identical Point Spread Functions (PSFs) 

whose peak values in the image plane are located at the projection of the two sources. 

The signal in any pixel is computed as the sum of the two PSFs evaluated at the centre 

of this pixel. 

  

g. For each separation distance s find the signal I0  at Pixel 0 and the maximum signal value 

Imax elsewhere, different from I0.  

 

h. Compute the resolving contrast in the image plane as C(s) = (Imax - I0)/Imax. 

   

i. If Imax < I0 then consider that C(s) < 0. 

 

2.  Compute contrast versus separation. 

 

a. Assume an initial separation s slightly less than one pixel. 

 

b. Compute the resolving contrast C(s) for this separation, it should be negative. 

 

c. Increase the separation distance by an amount δs = 2·δx and compute the resolving 

contrast C(s) for this new separation. 

 

d. Repeat previous step “c” until C(s) > Cmax where Cmax is the maximum resolving contrast 

of practical interest. A value Cmax = 0.99 was used in our computations. 

 

e. Interpolate between negative and positive C(s) values to find the separation so such that 

C(so) = 0 and C(s > so) > 0 . This separation is named the Sparrow limit of the digital 

sensor. The restriction C(s > so) > 0 is necessary because some channels with obstructed 

optical apertures may have more than one root for C(s) = 0. 

 

3.  Compute resolution distance versus contrast. 

a. Invert C(s) to present s(C) between C = 0 and C = Cmax. 

 

b. Define SRF = s(C) as the function that yields the SRD as a function of the resolving 

contrast in the image plane.  

 

c. Designate the SRF in pixel units as SRF = R(C). 

  

d. Compute the SRD in the ground plane as SRD = R(C)·GSD.   
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6.3.4. Computation of Resolution Degradation Index  

An ideal sensor has the spatial response presented in Figure 6.1(a). This response requires 

a null optical factor (Q = 0) which is impossible to achieve in practice as it requires either an 

infinite diameter for the optical aperture (D → ∞) or an infinite pixel pitch (p → ∞).  

We define a “perfect” sensor as a hypothetical sensor that has identical parameters to the 

actual sensor, except for those parameters that describe the imperfections of the imaging system 

which are assumed to be null.  

In our case, the spatial response of a perfect sensor can be found by using the same OTF 

model of Table 6.5, assuming null values for the four parameters which quantify sensor’s 

imperfections (wavefront error, jitter deviation, diffusion length and transfer inefficiency).  

The Resolution Degradation Index of an imager is defined as the percent increase in the 

mean SRF of a perfect sensor due to the imperfections of the actual sensor. This index will be 

computed for SuperDove and Landsat 8 Green channels in their baseline condition (Case 1) to 

gauge how much they deviate from a perfect imaging channel.  

If the index is a few percent the sensor is considered to be of high quality, if the index is 

high the sensor is considered to be of low quality. This index measures degradations with 

respect to a perfect (not ideal!) performance, so it does not penalize sensors for having a high 

Q and consequently a high SRD/GSD ratio; it penalizes sensors for having high degradations. 

6.3.5. Instability of the spatial response 

6.3.5.1. Evidence of instability 

 

The instability of the spatial response is present in any imaging sensor which must 

operate in the space environment. For example, by using convex mirrors as point-sources to 

achieve accurate in-orbit measurements of the spatial response for the panchromatic channel 

of Ikonos, a minor instability in its spatial response could be observed on different images taken 

during the same overpass. This instability was tentatively attributed to jitter or atmospheric 

variations (Schiller et al. 2012, 13). 

 

The Full Width at Half Maximum (FWHM) of the Line Spread Function (LSF) of 

SuperDove’s channels has been measured to be 3.65 ± 0.05 pixels (Kim et al. 2021) and 6.0 

pixels (Saunier and Cocevar 2022). This large difference between FWHM measurement results 

was also observed for the channels of SkySat, the newest member of PlanetScope constellation, 

its measured LSF’s FWHM were 2.4 ± 0.4 pixels (Saunier et al. 2020) and 4.0 ± 0.3 pixels 

(Kim et al. 2022).  

 

These large differences on the width of the spatial response have a huge impact on the 

radiometric performance. For example, if the PSF has axial symmetry and its diameter changes 

from 3.65 to 6.0 pixels, this means that in the image, the energy detected due to one point 

source in the scene, which was initially distributed over (π/4)·3.65×3.65 ≈ 10 pixels, will now 

be distributed over (π/4)·6×6 ≈ 28 pixels. So, a variation of 6.0/3.65 ≈ 1.6 times in the width 

of the spatial response will create a variation of (6.0/3.65)2 ≈ 2.7 times in the radiometric 

performance. This means, that for the same scene, small features that were detected with a 

narrow response may be undetected with a broader response; the two images are essentially 

different. 
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The high discrepancies between the two sets of LSF’s FWHM measurements for 

SuperDove (Kim et al. 2021, Saunier and Cocevar 2022) are coherent with the following 

findings regarding the instability of the spatial and radiometric performance of Planet’s images: 

  

1. Large differences between two SuperDove images of the same scene (Frazier and 

Hemingway 2021). 

 

2. Large standard deviation measured for the image sharpness of any given satellite within the 

Planet constellation (Anger et al. 2019). 

 

3. Significant differences in average image sharpness between different satellites of the Planet 

constellation (Anger et al. 2019). 

 

4. Low utility of Planet images for time series analysis (NASA 2020, 19). 

 

5. Large inconsistencies of image quality measurements between different Dove satellites 

(Saunier 2020, 27). 

 

One of the factors that explains the difference in the spatial response between two 

SuperDove satellites is their wide manufacturing tolerances; to pass the pre-launch test, the 

EIFOV of a SuperDove imager can be anywhere between 3.3 and 5.0 pixels (Fernandez-

Saldivar et al. 2020, 19). 

 

The instability of the spatial response for the same SuperDove satellite can be attributed 

to dynamic factors that fluctuate markedly over time, such as Line Of Sight (LOS) micro 

vibrations (jitter) during integration time (Shields et al. 2017) and atmospheric turbulence (Li 

et al. 2017). The relevant material regarding atmospheric turbulence and spacecraft jitter is 

presented in what follows. 

 

6.3.5.2. Atmospheric turbulence   

The spatial response of Earth observing satellites depends on the atmospheric parameters, 

among others, on the intensity of air turbulence and the distribution of aerosols in the optical 

path. We consider here only turbulence which is due to random variations in the atmospheric 

refraction index. The exponential model that accounts for the OTF component due to 

turbulence is well known (Li et al. 2012, equation 8). For short integration times, such as those 

employed in SuperDove and Landsat 8, this model can be written in the form: 

 

                    OTFturbulence = exp{ - 57.53·K·(λ)-1/3·(f /(IFOV))5/3·[1- 0.5·(f·Q)1/3] }               (3) 

 

Where K is the turbulence strength parameter in m-2/3, λ is the wavelength in meters, f is 

the spatial frequency in cycles per pixel, IFOV is the Instantaneous Field Of View in radians, 

and Q is the optical factor. The parameter K fluctuates typically between 5·10-13 m-2/3 and             

5·10-11 m-2/3 for weak and strong turbulence, respectively (Li et al. 2012). For our purposes, we 

assume K = 2·10-11 m-2/3 for Case 2 and neglect atmospheric effects in Cases 1 and 3 (K = 0). 

 

6.3.5.3. Line of sight jitter  

Spacecraft jitter is a high frequency vibration of small amplitude generated by onboard 

devices with rotating or moving mechanisms, such as reaction wheels, momentum wheels, 

cryocoolers, cryopumps, filter wheels and scanning mirrors (Dennehy and Alvarez-Salazar 
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2019). Jitter induces a vibration on the line of sight of the satellite sensor during its integration 

time. This vibration may be more detrimental for sensors on board small satellites, due to their 

proximity to the jitter source, the size limitations for jitter damping mechanisms and the low 

inertia of the spacecraft (NRC 2000, 32).  

 

An inverse proportion between satellite launch mass and pointing stability (measured in 

angular units) has been suggested (Pong 2018, figure 1). If this rule of thumb would apply to 

the high frequency jitter, then, according to the masses indicated in Table 6.3, SuperDove’s 

jitter should be more than two orders of magnitude larger than Landsat 8’s jitter. 

For attitude control, SuperDove uses reaction wheels which change their speed due to 

manoeuvres and external disturbances (Safyan 2015). Certain wheel speeds can excite 

structural modes of the satellite, generating a peak jitter much larger than the baseline jitter. 

For example, the peak jitter of a 6U Cubesat was estimated to be 39 μrad, a value 80 times 

larger than its baseline jitter (Shields et al. 2017). This later value exemplifies the large jitter 

fluctuations that can be expected in a CubeSat due to variations in the speed of its reaction 

wheels.  

No information was found about the LOS jitter for SuperDove. For a 3U Cubesat with 

three reaction wheels, the 1 sigma jitter values were between 42 and 107 μrad for an integration 

time of 10 seconds (Mason et al. 2017); much smaller values may be expected for SuperDove’s 

integration time which is about 0.5 ms (Bahloul et al. 2021, 8). In the Green channel’s model 

of Table 6.5, the 1 sigma baseline jitter for SuperDove was arbitrarily assumed to be σ = 2.97 

μrad to match the measured average RERs of Table 6.4.  This value must be divided by the 

L3B IFOV of Table 6.3 to be converted to the pixel units of Table 6.5.  

In Landsat 8 the main jitter source for the OLI sensor was the cryocooler of the TIRS 

instrument. In the worst simulated scenario, OLI’s OTF at Nyquist frequency was reduced by 

a factor 0.977 due to jitter (Schott et al. 2012, figure 2.6). In this later study the following 

Gaussian jitter model assumed in section 6.3.2.2 was validated (Schott et al. 2012, 2485): 

   OTFjitter = exp[ - 2·(π·σ·f /(IFOV))2 ]                                             (4) 

Where σ is the 1 sigma LOS jitter in radians, f is the spatial frequency in cycles per pixel, 

and IFOV is the Instantaneous Field Of View in radians. If OTFjitter = 0.977 at Nyquist 

frequency ( f = 0.5) then σ = 2.8 μrad. This jitter level was considered a potential problem for 

OLI, so a sophisticated vibration isolation system was designed and implemented (Robinson 

and Tonn 2015). In the Green channel’s model of Table 6.5, σ = 0.82 μrad was arbitrarily 

assumed for Landsat 8 to match the measured spatial responses of Figure 6.8. This value must 

be divided by the Landsat 8’s IFOV of Table 6.3 to be converted to the pixel units of Table 6.5.  

Considering the limited information available, a peak jitter σ = 10 μrad was tentatively 

assumed to quantify the effect of a worst-case jitter due to changes in the speed of the reaction 

wheels. The evidence indicates that although this jitter level is feasible for a 3U CubeSat it is 

highly unlikely for Landsat 8, nevertheless – for the sake of comparison – the same peak jitter 

will be assumed in Case 3 for both satellites.   

6.4. Results  

6.4.1. SuperDove 

Figure 6.10 presents the SRF for SuperDove’s Green ii channel and for Landsat 8’s Green 

channel for the three cases defined in section 6.3.2.2. The spatial response metrics for these 

same channels and cases are presented in Table 6.6. These results are analysed in what follows. 
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Figure 6.10: Spatial Resolution Function of SuperDove’s Green ii channel (upper figures a and b) and Landsat 

8’s Green channel (lower figures c and d) in Along Scan (AS) direction (left figures a and c) and Cross Scan 

(CS) direction (right figures b and d) for three cases. Case 1 (blue line) has moderate jitter and no turbulence. 

Case 2 (red line) has moderate jitter and strong turbulence. Case 3 (slashed magenta line) has high jitter and 

no turbulence. 
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Table 6.6: Spatial resolution metrics for (a) SuperDove’s Green ii channel and (b) Landsat 8’s Green channel, in 

three different cases.  

 

6.4.1.1. Case 1 (Baseline)  

Case 1 for SuperDove has been tailored to match Planet’s RER measurement; 0.22 and 

0.23 in AS and CS directions, respectively. These values are similar to the RER = 0.25 

measured for SuperDove by Kim et al. (2021, 16). 

The LSF’s FWHMs predicted by the OTF model are 3.2 and 3.4 pixels in AS and CS 

directions, respectively. These values are similar to the FWHM = 3.7 pixels measured for 

SuperDove by Kim et al. (2021, 16).  

The mean values of the SRF are 4.8 and 5.0 pixels in AS and CS directions, respectively. 

These values agree with the SRD = 15 m measured by NASA (2020, 12) for the retrieval of 

aerosol optical depth using Planet’s images. For SuperDove (GSD = 3 m) so SRD = 15 m is 

equivalent to SRD = 5.0 pixels.  

The SRF increases by a factor of about six when the resolving contrast increases from    

0 % to 99 %. For example, the SRD predicted by the SRF metric in AS direction increases 

from 2.3 to 14.7 pixels. Thus, the SRD is strongly dependent on the minimum level of resolving 

contrast that can be detected in the image. This minimum level depends on the SNR 

(Valenzuela et al. 2022), so a strong dependency between SRD and SNR is expected for 

SuperDove.  

These results indicate that the baseline case is representative of the conditions in which 

the images used for the measurements of Planet (Bahloul et al. 2021), Kim et al. (2021) and 

NASA (2020, 12) were obtained. 

 

 

Channel Spatial resolution metric  

Along Scan (AS) Cross Scan (CS) 

Case 

 1 

Case 

2 

Case 

3 

Case 

1 

Case 

2 

Case 

3 

(a) 

SuperDove’s 

Green ii               

channel 

Sparrow’s limit R(0)  (pixels) 2.25 5.19 4.45 2.41 5.27 4.53 

Mean SRF <R> (pixels) 4.81 10.7 8.24 5.03 10.8 8.38 

EIFOV (pixels) 4.94 10.3 7.31 5.14 10.4 7.42 

PSF’s FWHM (pixels) 2.83 6.57 5.32 3.02 6.65 5.41 

LSF’s FWHM (pixels) 3.21 7.15 5.54 3.41 7.24 5.64 

1/RER (pixels) 4.27 8.92 6.65 4.47 9.02 6.76 

 

(b) 

Landsat 8’s     

Green          

channel 

Sparrow’s limit R(0)  (pixels) 1.27 1.40 1.32 1.10 1.33 1.25 

Mean SRF <R> (pixels) 1.55 2.01 1.74 1.26 1.86 1.58 

EIFOV (pixels) 1.12 1.62 1.17 0.95 1.49 0.96 

PSF’s FWHM (pixels) 1.00 1.29 1.06 1.00 1.19 1.01 

LSF’s FWHM (pixels) 1.01 1.33 1.07 1.01 1.22 1.01 

1/RER (pixels) 1.33 1.69 1.37 1.17 1.59 1.18 
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6.4.1.2. Case 2 (Turbulence)   

Case 2 is representative of conditions of strong turbulence. As expected, the difference 

between the spatial responses in AS and CS directions is reduced, because turbulence is an 

isotropic OTF component that becomes predominant. 

The OTF model predicts LSF’s FWHM ≈ 7.2 pixels for AS and CS directions; more than 

two times larger than the baseline case. The predicted FWHM is somewhat larger than the 

LSF’s FWHM = 6 pixels measured for SuperDove by Saunier and Covecar (2022, 28).  For 

weaker conditions of turbulence an exact match with this later measurement can be obtained. 

Just like in Case 1, the SRF increases by a factor of six when the resolving contrast 

increases from 0 % to 99 %, increasing from about 5 to 30 pixels in both directions. The mean 

SRF is roughly eleven pixels in both directions. With respect to Case 1, strong turbulence 

degrades SuperDove’s SRD by a factor of two. 

These results indicate that fluctuations of atmospheric turbulence can induce in 

SuperDove’s images variations by a factor of two, on its SRD and on the width of its spatial 

response.  

6.4.1.3. Case 3 (Extra jitter)   

Case 3 is representative of conditions of peak spacecraft jitter. The results obtained are 

intermediate between Case1 and Case 3, being more near to the later. 

The OTF model predicts LSF’s FWHM ≈ 5.6 pixels for AS and CS directions. This value 

is near the LSF’s FWHM = 6 pixels measured for SuperDove by Saunier and Covecar (2022, 

28).   

These results indicate that the images used in the measurements of Saunier and Cocevar 

(2022, 28) could have been obtained under conditions degraded by atmospheric turbulence 

and/or spacecraft jitter. 

6.4.1.4.  Resolution Degradation Index 

The Resolution Degradation Index for the Green ii channel of SuperDove was computed 

for Case 1, by comparing the mean SRFs of Table 6.6(a) with the ones obtained by assuming 

a “perfect” SuperDove imager with null values for the four parameters of Table 6.5 which 

gauge sensor imperfections (wavefront error, jitter deviation, diffusion length and transfer 

inefficiency).  

Due to sensor imperfections, the mean SRF is degraded 97 % and 134 % for AS and CS 

directions, respectively. This means that the mean SRD of this channel is degraded by a factor 

of roughly two, due to sensor and platform imperfections. Higher degradations are obtained 

due to extra jitter and turbulence. 

6.4.1.5. Conclusion 

The overall conclusion is that the SRF metric predicts that the mean SRD of SuperDove 

is about five pixels in baseline conditions and about eleven pixels under strong atmospheric 

turbulence. This conclusion is coherent with: 

1. The SRD reported by NASA (2020, 12) for the measurement of aerosol optical depth  
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2.  The discrepancies between the spatial response measurements of SuperDove performed by 

the United States Geological Survey (Kim et al. 2021) and the European Space Agency 

(Saunier and Cocevar 2022). 

3. The instabilities reported about the spatial and radiometric performance of Planet’s images 

(Anger et al. 2019, NASA 2020, Saunier 2020, Frazier and Hemingway 2021).  

4. The SRD values predicted by the EIFOV and RER metrics. 

6.4.2. Landsat 8 

Figures 6.10(c) and 6.10(d) presents the SRF for Landsat 8’s Green channel in the three 

cases defined in section 6.3.2.2, for AS and CS directions, respectively. The spatial response 

metrics for these same cases are presented in Table 6.6(b). 

 In the baseline condition (Case 1) the SRD predicted by the SRF metric increases by a 

factor of 2.4 when the resolving contrast increases from 0 % to 99 %, for example, the SRF in 

AS direction increases from 1.3 to 3.1 pixels. This later increase factor was 6.4 for SuperDove, 

thus, a dependency between SRD and SNR is also expected for Landsat 8, but 6.4/2.4 = 2.7 

times weaker than the one expected for SuperDove. 

The SRF in AS direction increases from 1.4 to 4.5 pixels in Case 2. Thus, strong 

turbulence degrades Landsat 8’s spatial resolution, very slightly at low contrasts but notably at 

high contrasts. Turbulence degrades the mean SRF by a factor of 1.3 and 1.5 in AS and CS 

directions, respectively. This same degradation factor was 2.2 for SuperDove, so Landsat 8’s 

SRD is less susceptible to turbulence fluctuations. 

Case 3 is intermediate between Cases 1 and 2. It must be stressed that the jitter assumed 

for Case 3 (10 μrad) is representative of CubeSats, but it is not representative of Landsat 8. If 

instead, the maximum level of jitter (2.8 μrad) considered in Landsat 8 study (Schott et al. 

2012) – before jitter damping devices were implemented – is assumed for Case 3, then this 

case would be almost identical to Case 1. Thus, with the implementation of the damping 

devices, jitter is not expected to be an issue for Landsat 8. 

The Resolution Degradation Index for the Green channel of Landsat 8 was computed for 

Case 1. The mean SRF is degraded 4 % and 13 % for AS and CS directions, respectively. This 

means that the SRD of this channel is only slightly degraded due to sensor imperfections. A 

higher degradation is obtained in the presence of turbulence. 

The SRF metric predicts that the average SRD of Landsat 8, computed as the average of 

the mean SRF values in AS and CS directions, is 1.4 pixels for baseline conditions and 1.9 

pixels under strong atmospheric turbulence.  

The overall conclusion is that the SRD of Landsat 8 is almost insensitive to jitter 

fluctuations and that is moderately affected by strong atmospheric turbulence. This conclusion 

is coherent with the stringent radiometric stability requirements established for Landsat 8 

(Knight and Kvaran 2014, table 1). 

6.4.3. Assessment of spatial resolution metrics 

The axes of Figures 6.10(a), 6.10 (b), 6.10(c) and 6.10(d) have the same scales to 

illustrate the very large difference in SRD between SuperDove and Landsat 8. For SuperDove 

the SRD predicted by the SRF fluctuates between 2 and more than 20 times the GSD (Figures 

6.10(a) and 6.10(b)). For Landsat 8 the SRD predicted by the SRF fluctuates between one and 

three GSDs (Figures 10(c) and 10(d)). The first conclusion is that the GSD is a convenient unit 
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to measure the SRD in the ground plane, but that it should not be confused with the SRD, as 

SRD > GSD in all practical cases. 

Figure 6.10 illustrates that to specify the SRD without defining the resolving contrast can 

be highly misleading. For example, for Case 1 in AS direction it could be specified that the 

SRD of SuperDove is 2.25 pixels because R(0) = 2.25, and that the SRD of Landsat 8 is 3.05 

pixels because R(0.99) = 3.05. The specification is correct but incomplete and biased as the 

specified distances are for contrasts of 0 % and 99 %, respectively. From this biased 

specification it may be erroneously concluded that SuperDove has an SRD advantage of         

3.05 - 2.25 = 0.8 pixels. An unbiased comparison can be made if 0 % or 99 % contrast is 

simultaneously considered for both channels, concluding that Landsat 8 has a resolution 

advantage over SuperDove of 1.0 or 11.6 pixels, respectively. The second conclusion is that is 

meaningless to specify the SRD without indicating the resolving contrast. 

The third conclusion is that the EIFOV metric fails for low optical factors. This is evident 

from Table 6.6(b); in Cases 1 and 3 it predicts an SRD smaller than Sparrow’s limit. But, for             

Q > 1, the EIFOV could be suitable as it shows for SuperDove a very good agreement with the 

mean SRF value (Table 6.6(a)). 

The fourth conclusion is that the PSF’s FWHM and LSF’s FWHM metrics fail for low 

optical factors. This is evident from Table 6.6(b); in all cases these metrics predict an SRD 

below Sparrow’s limit. Moreover, for Cases 1 and 3 the PSF and LSF FWHM metrics predict 

similar resolution distances for AS and CS directions, being unable to gauge the actual 

difference in resolution due to scan. The failure of the FWHM metrics was already expected, 

as it has been shown that spatial resolution metrics based on the PSF’s width measured at a 

level larger than the 33 % of the peak response, will fail for low optical factors (Valenzuela et 

al. 2022). Thus, a FWHM metric, based on the PSF’s width measured at 50 % of the peak 

response, must fail.  

The RER metric predicts in Cases 1 and 2 an SRD larger than Sparrow’s limit, so it can 

be assessed against the SRF, as an example it will be assessed for Case 1 in AS direction. For 

SuperDove, Table 6.6(a) shows that 1/RER = 4.27 pixels and Figure 6.10 (blue curve in left 

figure) indicates that this SRD is obtained for a contrast C = 49 %. For Landsat 8, Table 6.6(b) 

shows that 1/RER = 1.33 pixels and Figure 6.10(c) (blue curve) indicates that this SRD is 

obtained for a contrast C = 15 %.  

If the RER metric is used to compare the resolution distances of the two Green channels 

the conclusion is that Landsat 8 has a resolution advantage of 4.27 - 1.33 = 2.94 pixels over 

SuperDove. But this comparison is biased because different resolving contrasts are being 

considered for Landsat 8 and SuperDove channels. If 15 % (C = 0.15) contrast is considered 

for both channels, then from Figure 6.10(a), R(0.15) = 3.06 pixels for SuperDove, so the  actual 

resolution advantage for Landsat 8 at this contrast is 3.06 – 1.33 = 1.73 pixels. In this example 

the RER metric has a bias error of (2.94 -1.73)/1.73 = 39 %.  

Thus, the fifth conclusion is that the RER metric displays a bias when it is used to 

compare the resolution distance of two imagers with different optical factors. 

Although the RER is a biased resolution metric, the metric RER2 = RERAS× RERCS is 

useful to estimate the magnitude of the pixel’s adjacency effect, that is, the percentage of 

energy collected in a pixel, that actually comes from radiance originated in the ground area 

represented by this pixel (Pagnutti et al. 2010, equation 8). For example, consider Case 1 for 

the Green channels, the actual percentages of energy (computed via the respective PSF) are  

6.4 % and 66.5 % for SuperDove and Landsat 8, respectively, while the RER2  metric yields 
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estimates of 5.2 % and 64.6 %, respectively. Thus, the RER2 metric provides a fair estimate of 

the pixel’s adjacency effect for both imagers without the need to compute their PSFs. 

The overall conclusion is that any spatial resolution metric which defines a single SRD 

based on a specific value of the spatial response can be either erroneous or biased. It errs when 

it predicts an SRD smaller than Sparrow’s limit. It is biased when it is used to compare two 

images captured by sensors with different optical factors while predicting SRDs that generate 

different resolving contrasts in each image. 

6.5. Discussion 

6.5.1. Key Findings 

The key findings are summarised as: 

1. Spatial Resolution Distance 

a. The assumption that the GSD is equal to the SRD is a mistake prevalent in the remote 

sensing community.  

 

b. Regardless of the satellite’s size, an unbiased spatial resolution metric should compute 

the SRD considering the resolving contrast produced in the image by two point sources 

in the scene. 

  

c. The SRD of SuperDove is much higher than its GSD. 

 

d. The SRD of Landsat 8 is slightly higher than its GSD. 

 

2. Stability of the Spatial Response 

a. For a given satellite and orbital height, a reduction of the GSD reduces the stability of 

the spatial response. 

 

b. The spatial response of SuperDove’s imaging sensors is very unstable.  

 

c. The spatial response of Landsat 8’s imaging sensors is quite stable. 

 

These findings and their impacts are discussed in what follows. 

6.5.2. Spatial Resolution Distance 

6.5.2.1. Confusion of GSD with SRD 

Considering that nowadays most users of satellite images incorrectly assume that SRD = 

GSD, it is convenient to understand why this error became encroached within the remote 

sensing community. 

Early satellite imagers had very low optical factors (Q << 1) and near perfect performance 

due to small sensor imperfections. According to the two-point source criterion, a perfect sensor 

with Q << 1 has, in the most favourable condition (depicted in Figure 6.9), an SRD in CS 

direction only slightly larger than its GSD. Thus, it became common to identify GSD with SRD 

as this was a fair approximation for these low-Q imagers. 

Moreover, for these early imagers, spatial resolution metrics like the EIFOV and the 

LSF’s FWHM yielded SRDs roughly similar to the GSD (Markham 1985, 868). This 
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congruence between these three spatial resolution metrics is also observed for the Green 

channel of Landsat 8 as illustrated in Table 6.6(b). Thus, for these high-quality low-Q imagers, 

the GSD metric gave roughly the same results than other more elaborate metrics, justifying its 

use as a measure of SRD.  

But, when a satellite’s scan is considered, or when a low quality (substantially degraded 

due to sensor imperfections) imager is assumed, the GSD metric fails, even with Q << 1. The 

errors of the GSD metric increase with Q, so many different metrics have been proposed to 

replace it (Valenzuela et al. 2022). All these metrics predicted different SRDs for the same 

sensor and none of them was widely accepted, so the mainstream users of satellite imagers 

continued using the GSD metric as a synonym of SRD despite of the numerous warnings of its 

inadequacy (Townshend 1981, Forshaw et al. 1983, Markham 1985, Fisher 1997, Cracknell 

1998, Joseph 2000, NRC 2000, Townshend at al. 2000, Ryan et al. 2003, Thomson 2009. 

Auelmann 2012, Verhoeven 2018, Valenzuela and Reyes 2019a). 

In short, the SRD is currently identified with the GSD because it was a fair approximation 

for the first generation of satellite imagers. 

6.5.2.2. Erroneous, biased and unbiased spatial resolution metrics 

The GSD, or ground pixel size, should not be confused with the SRD which is always 

larger than the GSD.  The GSD should not be used to compare the SRD of two satellite imagers, 

as a Sensor A with a larger GSD may have a smaller (better) SRD than a Sensor B with a 

smaller GSD. This may occur when Sensor A has Q << 1 and Sensor B has Q > 1. 

For a given imager, metrics like the EIFOV or the PSF’s FWHM are suitable to measure 

the width of the spatial response in the spatial frequency or spatial domain, respectively, but 

should not be employed as spatial resolution metrics, because the SRD must be measured at a 

given resolving contrast in the image plane, not at a given width of the spatial response. 

The General Image Quality Equation (GIQE) uses the RER as a spatial resolution metric 

(Leachtenauer et al. 1997). We have shown that this metric has a bias because the SRDs 

predicted will generate different resolving contrasts for different optical factors. Thus, this 

equation should not be used to compare imagers with quite different optical factors. This 

recommendation is consistent with the observation that version 3 of the GIQE “may not be 

valid” for Q > 1 (Leachtenauer et al. 1997, 8328).  

To measure or predict the actual SRD under an unbiased framework, the two-point source 

criterion must be employed, considering the actual resolving contrast. Suitable point source 

targets are available and have been used for in-orbit resolution measurements (Conran et al. 

2021). An unbiased prediction of SRD requires any metric of the so called “Two-Point Source” 

type (Valenzuela et al. 2022). Among this type, the SRF metric is preferred when the full range 

of resolving contrasts is of interest, but simpler single-contrast metrics like the Generalized 

Rayleigh Criterion may also be used (Jahn and Reulke 2000). 

In short, SRD measures the capability of separating in the image two closely spaced point 

sources, so to avoid errors or bias it must be defined considering the resolving contrast that 

allows these sources to be identified as separate objects.   

6.5.2.3. SuperDove’s SRD is much larger than its GSD 

A high temporal resolution from Low Earth Orbit (LEO) is only possible with a 

constellation that has a high number of satellites. Due to their small size, CubeSats are cheap 

enough to make such a constellation commercially feasible. But this small size has a drawback, 
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because it severely restricts the maximum diameter of the optical aperture, for example, it must 

be smaller than 10 cm for a 3U CubeSat. Thus, for a given wavelength the OFOV is fixed. 

Then, at a given orbital height H, if the GSD is reduced by a certain factor, Q = H·OFOV/GSD 

will increase by this same factor.  Therefore, the first reason why the SRD of SuperDove is 

much larger than its GSD is its high optical factor Q, which inevitably leads to a high ratio 

between the mean SRF and the GSD (Valenzuela et al. 2022, figure 6).  

In addition, sensor imperfections further degrade (broaden) the imager’s spatial 

resolution. To quantify this degradation, a comparison was conducted between the actual 

sensor and a perfect sensor, i.e., one that is free from any imperfections. We computed this 

degradation for the Green channels of SuperDove and Landsat 8, our results for Case 1 show 

that the average degradation, considering AS and CS directions, was 115 % and 8 %, 

respectively. Therefore, the second reason behind of SuperDove’s high SRD/GSD ratio are its 

relatively large imperfections.  

The high imperfections of SuperDove’s Green channel are evident in Table 6.5 (lines 4 

to 7) when compared with those of Landsat 8 and can be tentatively attributed to the high jitter 

of small satellites (Pong 2018, figure 1), to the pronounced charge diffusion effects in the small 

pixels (Davis et al. 1998) required to achieve a small GSD, and to the wide manufacturing 

tolerances of SuperDove’s telescopes (Fernandez-Saldivar 2020, 19). Defocus was not 

explicitly considered in our OTF model, so its effect at system level, may have been accounted 

by an equivalent jitter deviation or charge diffusion length that are larger than their actual 

values.   

In short, the SRD of SuperDove’s sensor is much higher than its GSD because it has a 

high optical factor and relatively large imperfections. 

6.5.2.4.  Impact of results 

The first impact of the previous results is that the GSD is not suitable as a spatial 

resolution metric, because it systematically errs by predicting an SRD smaller than Sparrow’s 

limit R(0). A rigorous specification of the SRD must consider that this distance is a function of 

the resolving contrast, but this specification requires knowledge of the PSF and the 

computation of the SRF. A shortcut is to use the reciprocal of the RER as a rough estimate of 

the SRD. Although the RER is biased as a spatial resolution metric (Valenzuela et al. 2022) it 

is the simplest metric that can be derived from edge measurements and does not err by 

predicting SRD < R(0).    

 

The second impact of SRD > GSD is that if the DN measured by a pixel is not only due 

to the radiance originating from the ground area represented by this pixel, but that it is also due 

to radiance originating from the surrounding ground area represented by adjacent pixels. This 

adjacency effect generates errors in all image processing techniques that assume that neglect 

this adjacency effect. These errors can be reduced by spatial aggregation and deconvolution 

(Huang et al. 2002). 

 

6.5.3. Stability of the spatial response 

6.5.3.1.  Drawbacks of reducing the GSD 

Once the GSD was identified with SRD, the two possible measures to reduce the GSD 

gained popularity: lower the orbital height or narrow down the IFOV. The reduction of orbital 

height has a limit due to the increase of atmospheric drag which restricts the spacecraft lifetime, 
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especially for CubeSats as there is not much room for the thrusters and fuel required to maintain 

the orbit. 

The reduction of the GSD by narrowing the IFOV is attractive, especially if the customer 

identifies GSD with SRD, regardless of the actual SRD achieved. But if the IFOV decreases, 

as equations 3 and 4 show, the susceptibility of the spatial response to variations of turbulence 

and jitter, respectively, increases. 

A CubeSat can have a stable spatial response in spite of its relatively high jitter, if its 

IFOV is much larger than its jitter’s standard deviation. But, in a market that identifies GSD 

with SRD, these stable images may not be attractive. 

In short, if the GSD is reduced by decreasing the IFOV, the susceptibility of the spatial 

response to variations of spacecraft jitter or atmospheric turbulence increases.   

6.5.3.2. Stability of SuperDove’s images 

Due to their small size and inertia, CubeSats may experience large jitter fluctuations due 

to variations in the speed of their reaction wheels (Shields et al. 2017). 

In the effort to reduce the GSD of SuperDove, its effective IFOV is 7.3 times smaller 

than the one of Landsat 8. From the perspective of the stability of the spatial response, a 

decrease of the IFOV by a factor 7.3 is equivalent to: 

1. An increase of the turbulence parameter K by a factor (7.3)5/3 ≈ 28 (Equation (3)). 

2. An increase in the jitter standard deviation by a factor 7.3 (Equation (4)). 

In short, the small size of SuperDove makes it susceptible to jitter fluctuations due to 

changes in the speed of its reaction wheels. The small IFOV of SuperDove’s images makes 

them susceptible to variations in their spatial response when the jitter or turbulence changes.   

6.5.3.3. Impact of results 

The main impact of an unstable spatial response is the radiometric inconsistencies of the 

image product, these inconsistencies are well documented for SuperDove (Anger et al. 2019, 

NASA 2020, Saunier 2020, Frazier and Hemingway 2021). To reduce these inconsistencies, 

the PSF can be estimated from edge measurements and images with a similar PSF should be 

used for time series analysis. 

If the instability of the spatial response is an issue, remote sensing users can apply the 

same procedures outlined in this work to estimate how a given variation in atmospheric 

turbulence will affect the PSF of a satellite sensor. With this knowledge they can select images 

that meet the minimum stability requirements.       

6.5.4. Limitations and future work 

The limitations of the OTF models for the Green channels of SuperDove and Landsat 8, 

and the measures proposed to improve these models, have already been discussed at the end of 

sections 6.3.2.4 and 6.3.2.5, respectively. Although more accurate models are of interest, they 

are expected to have only a minor effect on the key results presented here. 

This study has been limited to the comparison of only one small and one large satellite, 

other small and large satellites like SkySat and Sentinel 2, respectively, are also of interest to 

the remote sensing community and can be compared by using the same methodology in a future 

study. 
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In practice the SRD is constrained by noise. The SRF formulation allows noise to be 

considered in terms of the image’s SNR (Valenzuela et al. 2022), but this issue requires 

additional materials, methods, and results that will considerably extend the length of this paper. 

Therefore, the consideration of image noise has been left aside as future work.  

Regarding CubeSats’ imagers, future work to assess their SRD, should develop more 

accurate models to characterize the spatial response fluctuations caused by spacecraft jitter and 

atmospheric effects.  Jitter models should consider the actual LOS’s jitter standard deviation 

versus reaction wheels’ speed, while atmospheric modelling should account for both turbulence 

and aerosol effects. If spatial response fluctuations could be characterised in real time, image 

processing methods to compensate them could be explored, to optimize the radiometric 

stability of the final product. 

6.6. Conclusion 

The Spatial Resolution Distance (SRD) of CubeSat’s imagers with high optical factors 

and large imperfections, such as SuperDove, is much larger than their Ground Sampling 

Distance (GSD). To rigorously compute the SRD of any satellite image, the classical two-point 

source resolution criterion should be applied, considering the Point Spread Function (PSF) of 

the sensor to find how this distance varies as a function of the resolving contrast in the image. 

Metrics based on a single property of the spatial response, such as the Full Width at Half 

Maximum of the Line Spread Function, the Effective Instantaneous Field Of View and the 

Relative Edge Response, are useful tools to characterize the width of the spatial response, the 

width of the spatial frequency response, and the influence of adjacent pixels, respectively. 

However, these metrics should not be used as spatial resolution metrics since they give 

erroneous and/or biased predictions for the SRD. Instead, Two-point Source metrics that 

compute the SRD as a function of the resolving contrast should be employed.  

Among these later metrics, the Spatial Resolution Function (SRF) is convenient as it: 1) 

considers all possible values of resolving contrasts; 2) reduces to the GSD in a limiting case; 

3) allows Signal to Noise Ratio effects to be considered; and 4) allows other spatial resolution 

metrics to be assessed (Valenzuela et al. 2022). 

Efforts to reduce the GSD in CubeSat’s images, are effective to promote the resultant 

images in a market that incorrectly identifies GSD with SRD but are ineffective to improve the 

actual SRD when it is already limited by the optical aperture, defocus, spacecraft jitter and 

charge diffusion. Some users of SuperDove images have concluded that their SRD is five times 

the GSD (NASA 2020, 12), this conclusion is coherent with the computed SRF and with the 

spatial response measurements of SuperDove obtained by Planet (Bahloul et  2021, 21) and the 

United States Geological Survey (Kim et al. 2021, 16). 

Previous assessments of Planet’s images have identified inconsistencies on their spatial 

and radiometric performance (Anger et al. 2019, NASA 2020, Saunier 2020, Frazier and 

Hemingway 2021). In this work these inconsistencies have been traced to the intrinsic 

instability of SuperDove’s spatial response, concluding that its width can increase by a factor 

of two under strong atmospheric turbulence. This conclusion explains the previous 

inconsistencies and the large differences between the spatial response’s widths measured by 

the European Space Agency (Saunier and Cocevar 2022, 28) and the United States Geological 

Survey (Kim et al. 2021, 16). 
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CubeSat’s imaging sensors can be designed to achieve a stable spatial response, but at 

the cost of a much larger GSD, losing their attractiveness in a market that confuses GSD with 

SRD. 

If remote sensing users are aware of the actual SRD and stability of image products, they 

are likely to make better use of them, taking informed decisions about their fitness-for-purpose. 

If image providers characterize and exploit the actual spatial response of their imaging sensors, 

during all the stages of the image processing chain, they are likely to deliver better products. 
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7.1. Overview 

 Section 7.2 summarizes the results of the work performed to answer the four research 

questions. 

 Section 7.3 provides a synthesis of the research, focusing on its overall significance and 

suggesting how the different results can be synergistically integrated in a practical case. 

 Section 7.4 introduces the results obtained through some supplementary research lines 

that have achieved a preliminary state of maturity. These results are presented in detail in the 

Appendices sections, and these can be topics of future publications. 

 Section 7.5 discusses some fundamental limitations of the optical transfer function 

methodology employed to answer all the research questions and suggests some research lines 

that could be conducted to explore them. 

 Section 7.6 outlines the three topics of future work that are envisaged as the more 

pressing research issues due to their impact on the remote sensing community.  

 Finally, section 7.7 presents some closing remarks about the overall characteristics of 

the research conducted.        

7.2. Summary of results  

The overall aim of this research was to advance our knowledge of the assessment of the 

spatial response of satellite imagers. To achieve this aim, the four research questions presented 

in section 1.3.3 were posed to develop new metrics, models and procedures that could fill some 

of the gaps detected during my literature review. My answer to these questions is summarized 

as follows.   

7.2.1.  How can we assess and improve current spatial resolution metrics for satellite 

imagers? 

A new classification scheme of spatial resolution metrics was developed by extending 

the three-type taxonomy proposed by Valenzuela and Reyes (2019a) for satellite imagers. This 

extension allows a more precise and comprehensive classification of spatial resolution metrics 

by 1) defining two or more subtypes under each type; 2) including spatial frequency domain 

metrics; and 3) incorporating empirical metrics.  

A new spatial resolution metric, named the Spatial Resolution Function (SRF), was 

developed by applying the classical two-point source resolution criterion to the case of digital 

(pixel-sampled) satellite imagers. An optimum phasing was assumed between the two-point 

source scene and the pixel grid, so that under the conditions that minimize the Spatial 

Resolution Distance (SRD), the SRF is equal to the Ground Sampling Distance (GSD). 

Unlike other well-known metrics which assume that the SRD is a single value, the SRF 

metric considers that the SRD is a function of the resolving contrast C in the image plane. This 

is the contrast that allows the two-point sources to be resolved, that is, to be detected in the 

image as two separate objects instead of a single object. 

The SRF was computed in terms of the sensor’s Point Spread Function (PSF), for values 

of resolving contrast C between 0 and 1. The value SRF(C = 0), named Sparrow’s limit, is the 
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absolute threshold of resolution. At this limit there is no resolving contrast, but any separation 

between sources greater than this limit will allow some contrast to be obtained. 

To illustrate the computation of the SRF, the PSF was calculated for the case of a generic 

sensor by using the Optical Transfer Function methodology. The generic sensor assumed has a 

circular optical aperture, a detecting array of square pixels, a uniform scan of its line-of-sight, 

and representative values for optical aberrations, line-of-sight micro vibrations and pixel 

crosstalk. This formulation allowed the SRF to be computed as a two-dimensional function in 

terms of the image resolving contrast C and the sensor’s optical factor Q. 

In practice, the minimum resolving contrast that can be observed is limited by image 

noise. Rose’s criterion estimates the minimum contrast Cmin that can be observed in the 

presence of image noise, the application of this criterion to the SRF allowed an estimation of 

the ultimate SRD = SRF(C = Cmin) > SRF(C = 0) that can be obtained in the presence of image 

noise. 

Once the SRF is computed, other spatial resolution metrics can be readily assessed. 

Metrics that yield SRD < SRF(C = 0) are considered flawed, as there is no possibility to resolve 

two-point sources at a distance below Sparrow’s limit. Spatial resolution metrics that predict 

SRD > SRF(C = 0) are assessed in terms of the bias that they introduce when they are used to 

compare the SRD of two sensors with different optical factors.   

The SRF allows the predicted SRDs to be associated to a certain resolving contrast C > 

0, if both SRDs are associated to the same contrast there is no bias, as the two sensors are 

gauged under the same conditions. But if the two associated contrasts are different, the metric 

is favouring the sensor with smallest associated contrast because this sensor is being gauged 

under a more favourable condition.  

It was shown that the most popular spatial resolution metrics are either erroneous or 

biased, stressing the need to consider the SRF to obtain an unbiased prediction of SRD. 

The results of this research are published in the International Journal of Applied Earth 

Observation and Geoinformation (Valenzuela et al. 2022).  

7.2.2. How can we assess current spatial response models for satellite imagers? 

The plethora of models used to describe the spatial response of imaging sensors, was 

illustrated by classifying them in four types. Twelve references, which use different spatial 

response models, were cited in section 3.1 to illustrate the diversity of models available. 

The bias inherent in the current methodology to assess spatial response models was 

demonstrated by showing that five comparative assessments of analytic function models have 

selected a different function as the best model. This bias was traced to the use of a specific 

sensor as a benchmark of spatial response, whereas in practice a variety of sensors and spatial 

responses are encountered. A model that is suitable for a certain sensor may be unsuitable for 

another sensor. 

In response to this bias, a new assessment methodology that uses the optical design 

parameters of a generic sensor as independent variables was developed. The basic idea is that 

the shape of the spatial response of a generic sensor depends on a few key optical design 

parameters, so if two of these parameters are used as independent variables in a plane of 
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possible optical designs, then each point in this plane will represent a different shape for the 

spatial response. By computing the error of the model under assessment at each point in the 

optical design plane, the regions of this plane where the model is valid can be readily 

established. 

The spatial response is defined by the Point Spread Function (PSF), so to develop the 

methodology, an equation was derived to define the minimum PSF level that is of interest for 

practical purposes (PSFmin), assuming a scene with a single point source on a homogeneous 

background. The equation derived allows PSFmin to be computed as a function of two 

parameters: the peak-signal to background-signal ratio R and the background Signal to Noise 

Ratio SNRB. Using this equation as a basis, a comparative study of different types of satellite 

imagers was performed, concluding that PSFmin levels of 0.1 and 0.01 were representative of 

most practical cases. 

A generic sensor with square pixels and an annular optical aperture was selected as 

representative of several types of satellite imagers. The optical factor Q and the linear 

obstruction ratio ε of the optical aperture were selected as the key parameters of the optical 

design. These two key parameters were varied over a wide range that is representative of the 

whole variety of satellite imagers. Each point in the optical design plane (Q, ε) has a different 

PSF shape, more than ten thousand of these points were considered to assess the spatial 

response models. 

The previous methodology was applied to assess the accuracy of the popular separable 

PSF model, which uses two perpendicular edge measurements to estimate the PSF of a satellite 

imager. The errors of this model were computed in the optical design plane (Q, ε) showing that 

the separable model is only applicable to low optical factors, creating the need for a new model 

that – by using edge measurements - can estimate the spatial response for medium and high 

optical factors. 

The results of this research are published in the IEEE Transactions on Geoscience and 

Remote Sensing (Valenzuela et al. 2023).  

7.2.3. How can we improve current spatial response models derived from edge 

measurements? 

The new methodology to assess a spatial response model demonstrated that the separable 

PSF model – which estimates the PSF from only two edge measurements - is only valid for 

low optical factors (Q < 0.4). Currently, most satellite imagers have medium (0.4 < Q < 1) to 

high (Q > 1) optical factors and edge measurements are the most common method to estimate 

their PSF. Thus, the need arose to develop a model that uses edge measurements to estimate 

the PSF for imagers with medium and high optical factors. 

The separable PSF model uses only two perpendicular edges to estimate the PSF. The 

recommendation to measure a third diagonal edge to verify if the PSF is separable or axially 

symmetric was proposed by Reichenbach et al. (1991) in their seminal paper on edge 

measurements for imaging sensors, but this recommendation was not followed by the remote 

sensing community, which usually measures only two perpendicular edges to estimate the PSF 

of satellite imagers.   
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The new model uses the third diagonal edge measurement to reconstruct the three-

dimensional (3D) Optical Transfer Function (OTF) in the spatial frequency domain. Each edge 

measurement yields a one-dimensional (1D) cut of the two-dimensional (2D) OTF in a 

direction perpendicular to the edge. It was shown that for medium and high optical factors, the 

2D OTF can be estimated by performing quadratic interpolation between three 1D OTF cuts 

(two perpendicular cuts and one diagonal cut in between). Once the 2D OTF is reconstructed 

by quadratic interpolation, the PSF is obtained as its inverse Fourier transform. 

The three-edge quadratic interpolation model was assessed in the plane (Q, ε) of optical 

designs, by employing the same methodology used to assess the separable PSF model. The 

results show that the quadratic model works where the separable model fails and vice versa, so 

that for PSFmin = 0.1 both models allow the estimation of the PSF for any optical factor of 

interest. For PSFmin = 0.01 there is performance gap for low and medium optical factors, as 

neither the quadratic nor the separable model achieves low errors for 0.07 < Q < 0.49 ; further 

research is needed to close this gap.     

The results of this research are published in the IEEE Geoscience and Remote Sensing 

Letters (Valenzuela et al. 2024a). 

7.2.4.  How can we exploit our knowledge on the spatial response of satellite imagers to 

upgrade current image processing algorithms? 

The remote sensing community assumes that the Digital Number (DN) measured by a 

pixel in a satellite imager is proportional to the average radiance originated on the ground area 

represented by this pixel. This assumption is only valid for an ideal satellite sensor with a null 

optical factor (Q = 0), but all satellite sensors have Q > 0. The fact that the DN is also due to 

the radiance originated in the surrounding areas represented by adjacent pixels is usually 

overlooked, generating errors in image processing algorithms that estimate Earth’s surface 

parameters in a pixel-to-pixel basis. 

Restoration, also known as deblurring, is an image processing technique to reduce the 

adjacency effect, so that the DN measured by each pixel approximates as closely as possible 

the DN measured by the ideal satellite sensor. The usual approach to restoration is 

deconvolution of the raw image with a kernel defined in terms of the PSF of the imaging sensor. 

This approach is based on the fact that if pixel sampling is neglected, the PSF kernel yields 

optimum results. When pixel sampling is considered, the optimum restoration kernel is not 

trivial and so it must be found on a case-to-case basis (Huang et al. 1998, Huang et al. 2002).   

The current procedure to find the optimum restoration kernel is quite involved as it 

requires auxiliary satellite images captured by a sensor that has much higher spatial resolution 

than the sensor of interest. In particular, the Ground Sampling Distance (GSD) of the auxiliary 

sensor must be equal to the GSD of the sensor of interest divided by an integer number much 

greater than one (Huang et al. 2002).  The restrictions of this procedure have inhibited its 

application, the existence of an optimum kernel different from the PSF kernel is usually 

overlooked, and currently the PSF kernel is usually employed for image restoration. 

A new procedure to find the optimum restoration kernel was developed by using synthetic 

edge images. This new procedure is much simpler and accurate that the current procedure. It 

was shown that the new procedure predicts the same optimum kernels that were obtained by 

Huang et al. (1998, 2002) using the current procedure with auxiliary satellite images.   
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The results of this research are published in the International Journal of Remote Sensing 

(Valenzuela et al. 2024c).  

7. 3. Synthesis 

7.3.1. Overall significance of results 

The current knowledge about the spatial response of imaging sensors in the remote 

sensing community is conditioned by the legacy of the early satellite imagers. These early 

imagers had very low optical factors, so some simple spatial response metrics, methods and 

models that were developed to handle them, proved to be useful. The small errors of these low-

Q metrics, methods, and models were masked by the relatively high noise of the early images 

and thus considering their success, were adopted as axioms. 

Satellite imagers have currently evolved to higher optical factors, and the errors of the 

early low-Q metrics, methods, and models has increased significantly. Moreover, these larger 

errors are no longer masked by the relatively low noise of the current satellite images. 

This research developed new spatial response metrics, methods and models that are 

applicable to all types of satellite imagers. To gauge the significance of these innovations in 

spatial response assessment, the errors of the low-Q metrics, methods, and models have been 

computed.  

Regarding these errors, the most prominent error in the remote sensing community is the 

widespread identification of Ground Sampling Distance (GSD) with Spatial Resolution 

Distance (SRD). This identification is a rough approximation for low-Q imagers, but it is a 

gross error for high-Q imagers. To address this issue, Chapter 2 developed the Spatial 

Resolution Function (SRF), a new unbiased spatial resolution metric, and, assuming a generic 

sensor, used this metric to assess the errors of the GSD and other current spatial resolution 

metrics. The discovery that the well-known Relative Edge Response (RER) metric has a bias 

error, is particularly significant, because the RER is the cornerstone of the General Image 

Quality Equation (Leachtenauer et al. 1997). 

In Chapter 2 the spatial response was assumed to be given, instead, in the following two 

chapters the procedures to find this response are considered. Specifically, Chapters 3 and 4 

assess empirical procedures to estimate the two-dimensional spatial response from a set of one-

dimensional edge measurements. To comprehensively assess these estimation procedures a 

new methodology had to be developed.  

This new assessment methodology, developed in Chapter 3, considers the whole range 

of optical factors. In Chapter 3 the new methodology was used to assess the separable PSF 

model, showing that it performs well for low optical factors, and that it fails for high optical 

factors. The assessment of the separable PSF model is significant because currently it is 

indiscriminately applied to any sensor, regardless of its optical factor.  

In Chapter 4 the new methodology was used to assess the new three-edge quadratic 

interpolation PSF model, showing that it works where the two-edge separable model fails. As 

shown in Chapter 4, if the separable model fails, then quadratic interpolation using the results 

of the three edges can give a much better estimation of the PSF. The significance of this three-

edge innovation is that edge measurements are the most usual type of spatial response 

measurements and high-Q sensors are the most common type of imagers in orbit, so now a 
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much more accurate estimate of their spatial response can be obtained with only a moderate 

increase in workload (third edge). This third edge measurement is also convenient to implement 

the original recommendation of Reichenbach et al. (1991) to test the separable model: measure 

a third diagonal edge and verify that the result agrees with the prediction of the separable model. 

The new methodology presented in Chapter 3 allows the assessment of spatial response 

models for different types of applications. In Chapters 3 and 4 it was used to assess PSF models 

which are derived from edge measurements, but it can also be used to assess response models 

employed in the following types of applications: 

• Assess the analytic Edge Spread Function (ESF) models that are used in edge measurements 

to estimate the position of the straight edge with sub-pixel accuracy. 

 

• Assess the ESF models that are used in edge measurements to reduce the errors due to image 

noise by fitting the ESF measurements to a one-dimensional analytic function.  

 

• Assess the analytic PSF models that are used in point-source measurements to fit the PSF 

measurements to a two-dimensional analytic function. 

The overall significance of Chapters 3 and 4 is that their innovations allow the popular 

edge measurement procedures to provide a more accurate knowledge of the spatial response of 

the sensors under test. Once the spatial response is known it can be used for a variety of 

purposes, some remote sensing tasks that benefit from an improvement in the accuracy of the 

sensor’s spatial response knowledge are shown in Table 7.1. 

Table 7.1: Remote sensing tasks that benefit by improving the accuracy of the sensor’s spatial response data. 

The execution of these tasks requires previous knowledge of the sensor’s Point Spread Function (PSF) and their 

final result will improve if this PSF is known with greater accuracy. 

Type of remote sensing task References 

Imager’s calibration Du and Voss 2004 

Imager’s spatial resolution assessment Valenzuela et al. 2022 

Image’s blur correction Hajlaoiu et al. 2010, Ngo et al. 2021 

Estimation of true radiance from measured radiance Meister et al. 2008 

Reduction of spatial correlation in hyperspectral images Inamdar et al. 2020 

Image fusing and registration Zhou et al. 2020 

Land cover characterization Huang et al. 2002 

Subpixel mapping Wang and Atkinson 2017 

Downscaling continua Wang et al. 2020 

Spectral unmixing Wang et al. 2018 

Estimation of fire temperature and burning area Calle et al. 2009 

Super resolution Lv et al. 2017 

 

The key innovation of Chapter 5 is a new procedure to find the optimum restoration (blur-

correction) algorithm. This innovation is significant due to the following facts: 

• The remote sensing community usually assumes that there is no need to find the optimum 

restoration algorithm and usually employs an algorithm based on the sensor’s PSF. 
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• As shown in Chapter 5, the improvement in image quality provided by the usual restoration 

algorithm based on the sensor’s PSF is much lower than the improvement provided by the 

optimum algorithm.  

 

• Moreover, in some cases the usual restoration algorithm may even degrade image quality. 

Once blur is corrected, other remote sensing tasks will benefit from this correction, 

specifically, land cover characterization, spectral unmixing and estimation of fire temperature 

and burning area. 

The procedure used in Chapter 5 to generate ideal, raw, and restored synthetic edge 

images has revived the significance and utility of the Deblurring factor as an image quality 

metric. The Deblurring factor was originally defined to assess the effectiveness of restoration 

(blur-correction) algorithms that are applied to a raw image with the purpose to approximate it 

to the ideal image. This same factor can be used to assess the effectiveness of any type of image 

processing algorithm that is applied to a raw image with the purpose to improve some of its 

features, supplementing the assessment provided by the SRF metric. 

Finally, the publication of Chapter 6 applied the same SRF metric of Chapter 2 to two 

popular satellite imagers: a low-Q imager and a high-Q imager. For the high-Q CubeSat imager, 

the predictions of the SRF metric agree with the measurements performed by NASA and the 

European Space Agency: the SRD is about five times larger than the GSD. It is expected that 

this agreement and the gross difference between SRD and GSD, raises the awareness of the 

remote sensing community on the limitations of the most common spatial resolution metrics.  

Although Chapter 6 is mainly an application of the metric derived in Chapter 3 (it does 

not answer a specific research question) it has also contributed with two innovations to the 

spatial response assessment of satellite imagers: 

• A new procedure to estimate the two-dimensional spatial response model for a sensor whose 

relevant technical parameters are only partially known (Section 6.3.2.1). 

 

• A new metric, named Resolution Degradation Index, to gauge the degradation of the spatial 

resolution distance due to sensor imperfections (Section 6.3.4). 

The previous discussion illustrates the wide-reaching impact and significance of the 

innovations developed in this research, the four key innovations which give an answer to their 

respective research question are schematically illustrated in Figure 7.1. 

 

 

 

Figure 7.1: Innovations developed in this thesis to answer the four research questions. From left to right, 

these innovations are described in Chapters 2, 3, 4 and 5, respectively. 
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These four innovations can be used by their own, as previously described in the 

respective chapter, or they can be synergistically combined as explained in what follows. 

7.3.2. A synergistic perspective 

The innovations and concepts developed in this research can be combined to perform 

more complex tasks. An illustrative example where the four innovations are used is an imaging 

sensor whose in-orbit spatial response must be first estimated by edge measurements and then 

improved by image processing. This example has the following steps: 

• Natural or artificial edges found in the sensor’s raw images are used for edge measurements. 

  

• To improve the accuracy edge measurements, the known parameters of the sensor are used 

to build a first-cut model of its Edge Spread Function (ESF) using the Optical Transfer 

Function (OTF) methodology.  

 

• The assessment methodology of Chapter 3 is used to select the best analytic function to 

model its ESF along different directions. This analytic ESF model will allow the undesired 

impact of image noise to be reduced, allowing a more accurate measurement of the one-

dimensional (1D) OTF cut in each direction. 

 

• Once three 1D OTF cuts are available, the method of Chapter 4 is used to estimate the two-

dimensional PSF.  

 

• The estimated PSF is employed to assess the spatial resolution distance of the raw image, 

using the SRF metric as detailed in Chapters 2 and 6.  

 

• The estimated PSF is also employed to find the optimum restoration algorithm as described 

in Chapter 5. 

 

• Once the raw image is restored, the same edges used to estimate the PSF of the raw image 

are used to estimate the PSF of the restored image.   

 

• The SRF is computed for the restored image to assess the improvement in spatial resolution 

distance achieved by restoration. 

7.4.  Other results presented in the Appendices 

The innovations of Figure 7.1 are of general nature so they can be applied to other cases that 

were not considered in the respective chapter. The following illustrative examples are presented 

in the Appendices in the form of short papers. 

1.  Appendix 1: Spatial Resolution Function of obstructed apertures. 

This appendix shows the results obtained when the SRF of Chapter 2 is computed for an 

obstructed optical aperture, for one low and one high values of contrast, in the same (Q. ε) 

plane considered in Chapters 3 and 4. 

2. Appendix 2: Impact of Modulation Transfer Function Compensation on the Spatial 

Resolution Function. 
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This appendix shows the results obtained when the SRF of Chapter 2 is computed for an 

imager with and without Modulation Transfer Function Compensation, a technique that is 

used to boost image contrast. 

3.  Appendix 3: Assessment of the bivariate Gaussian Point Spread Function model   

This appendix shows the results obtained when the assessment methodology of Chapter 3 is 

applied to the bivariate Gaussian PSF model, assuming that the two unknown parameters of 

this model are estimated by two different methods:  

a) Through the widths of the Line Spread Functions in along scan and cross scan directions. 

b)  Through the widths of the Point Spread Function in along scan and cross scan directions.   

7.5. Limitations of the Optical Transfer Function methodology 

The specific limitations of each innovation are discussed in detail at the end of the 

respective chapter; in this section, two limitations of more fundamental character are outlined. 

Both limitations point to some possible weaknesses of the Optical Transfer Function (OTF) 

methodology that has been used in Chapters 2, 3, 4, 5 and 6. 

The first limitation is that the OTF methodology assumes that the overall system OTF is 

equal to the product of the different components of the spatial response, that is, the OTF 

components are separable. Although the great majority of the works that discuss OTF 

methodology take separability for granted, the separability of certain OTF components has 

been questioned in a few authors, two of these works deserve to be mentioned. 

Feltz and Karim (1990) have questioned the separability of scan OTF from the detector 

OTF, stating that this is only possible in some special cases. Stevens (1992) has questioned the 

separability of the detector OTF from the charge diffusion OTF, for partial fill factors (active 

pixel area smaller than total pixel area). In both cases the authors provide a more complex OTF 

equation that is intended to replace the product of the two simpler and usual OTF equations.  

Further research is required to properly assess the claims of the two works cited in the 

previous paragraph. It may be expected that the accuracy of the separability assumption will 

become an issue that will draw more attention as the precision and accuracy of OTF 

measurements are improved.  

The second fundamental limitation is that - in general - transfer function analysis requires 

shift invariance, but this is not the case for imaging sensors. Thus, the OTF currently being 

computed is a pre-sampled OTF that represents the best possible performance of the imaging 

sensor, so it does not consider all the possible phasings between the scene and the image plane 

(Park et al. 1984). To compute the average sampled OTF, the pre-sampled OTF is sensibly 

reduced by the product of a sampling OTF (Boreman 2022, equation 2.13), but this average 

sampled OTF does not quantify the worst possible performance. Further research is needed to 

assess the impact of the worst-case sampling on satellite imagers.  

7.6. Future work 

Future work has already been described at the end of each chapter and two lines of 

fundamental research regarding OTF methodology have been outlined in the previous section 
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7.5. In this section I identify three specific topics of interest that could be more pressing due to 

their impact on the remote sensing community. 

1.  Universal Image Quality Equation. 

The three known versions of General Image Quality Equation (GIQE) are based on the use 

of the Relative Edge Response (RER) metric as spatial resolution estimator (Valenzuela and 

Reyes 2019b). In Chapters 2 and 6 this metric has shown to be biased when a wide range of 

optical factors is considered, a finding that is coherent with the restriction of version 4 of 

the GIQE to optical factors below 1 (Q < 1) (Leachtenauer 1997, 8328). 

The SRF metric allows an unbiased spatial resolution estimator to be defined, and the 

consideration of the image Signal to Noise ratio in this definition, paving the way to a 

“universal” form of the GIQE which can be employed over the whole range of optical factors 

encountered in satellite imagers.  

2. Replacement of Gaussian PSF model 

The overwhelming popularity of the Gaussian Point Spread Function model is not congruent 

with its huge errors, which are described in Appendix 3.  

It is relatively straightforward to demonstrate the shortcomings of the bivariate Gaussian 

model, and to reveal the misconceptions that surround its use, but it is not an easy task to 

propose a new model to replace it. If found, this new model could also be used to close the 

performance gap noted at the end of section 7.2.3.  

3.  Comprehensive assessment of Modulation Transfer Function Compensation (MTFC)  

Modulation Transfer Function Compensation is a technique that is used to boost the OTF at 

high spatial frequencies, increasing the image contrast near the edges. This technique has 

been promoted of improving the spatial resolution distance by a factor of two ( Blonski 2002, 

325; Blonski 2003, 7; Ryan et al. 2003, 46). 

As described in Appendix 2, the application of the SRF metric to MTFC, shows that the 

Spatial Resolution Distance (SRD) is not reduced at the lowest observable contrasts, thus 

the ultimate SRD is not improved by MTFC.  

The SRF metric also shows that MTFC substantially improves (reduces) the SRD at high 

contrasts, but this metric does not quantify the associated degradation in radiometric 

accuracy. The use of the Deblurring factor metric considered in Chapter 6 allows this 

degradation to be exposed, so that when this factor is used together with the SRF metric, a 

comprehensive appraisal of the benefits and shortcomings of this image processing 

technique could be obtained.    

7.7. Final remarks 

The assessment of the spatial response of satellite imagers is critical to satellite earth 

observation. In this thesis I have presented a rigorous theoretical approach that allows a critical 

examination of the underlying assumptions of the commonly applied metrics, models, and 

methods.  
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To innovate it must be considered that even if the great majority of works provide a 

common type of solution to a certain problem, this is not a guarantee that this solution is the 

correct one or the best one, unless this can be rigorously demonstrated from first principles.    

Although satellite imagers have been the focus of this work, all the innovations herein 

developed are applicable to any type of imaging sensors, thus, the impact of this research is 

much broader than the title may suggest. 

The research conducted for this thesis has been mainly theoretical, its findings being 

supported by several measurements performed by other researchers. To strengthen these lines 

of research further, it would be ideal to support the theoretical findings with additional 

measurements specifically designed and executed for demonstrating these findings. 
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Appendix 1:                                                                                                            

Spatial Resolution Function of obstructed apertures 

1. Introduction 

 

For satellite imagers, the most common geometries for the optical apertures are the circle 

and the annulus. The annular geometry is representative of the “folded optics” telescope 

configurations like the Cassegrain, Ritchey-Chrétien and Newtonian designs, in which the 

undesirable central aperture blockage due to a secondary mirror is accepted to reduce the 

telescope volume required to achieve a given focal length. The annulus approximates the actual 

optical aperture as it does not consider the struts or “spider” required to hold the secondary 

mirror in place. 

 

For the generic satellite imager to be considered in this Appendix, the same Optical 

Transfer Function (OTF) approach used by Valenzuela et al. (2022) to characterize a high and 

a medium quality scanner with square pixels will be applied, with the innovation that instead 

of assuming a circular unobstructed aperture, the more general case of an annular aperture 

characterized by its linear obstruction ratio ε will be considered.  

 

The objective of this appendix is to investigate the properties of the Spatial Resolution 

Function, developed in Chapter 3, for the case of an annular optical aperture, 

 

2. Materials and Methods 

The OTF of an annular aperture is well known (Fiete 2010, Eq. 5.35). The numerical 

parameters used to compute the Point Spread Function (PSF) of the generic imager are 

presented in Table 1 in terms of the sensor’s optical factor Q.   

 
Table 1: Parameters to compute the PSF of a generic satellite imager with square pixels 

and annular optical aperture. 

 

 

 

The OTF components considered for the generic imagers are: 1) ideal square detector 

with 100 % fill-factor; 2) ideal annular optical aperture; 3) ideal scan in the Along Scan (CS) 

direction with exact sampling; 4) random optical aberrations characterized by their RMS 

wavefront error using Shannon’s parabolic OTF model (Fiete 2010, Eq. 5.49); 5) LOS jitter 

characterized by its standard deviation using the Gaussian OTF model (Fiete 2010, Eq. 7.11); 

Parameter 
High-Quality 

Scanner 

Medium-Quality 

Scanner 

Optical factor Q computational range 0.01 ≤ Q ≤ 2 

Obstruction ratio ε computational range 0.0 ≤ ε ≤ 0.5 

Q computational interval δQ 0.01 

ε computational interval δε 0.01 

Along scan (AS) pixel fill factor 1.00 

Cross scan (CS) pixel fill factor 1.00 

Along scan oversampling factor 1.00 

RMS wavefront error (wavelengths) 0.1 0.2 

Standard deviation of LOS jitter (pixels) Q/10 Q/2 

Equivalent charge diffusion length (pixels) Q/10 3·Q/10 
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and 6) charge diffusion in detectors characterized by its equivalent charge diffusion length 

using the Lorentzian OTF model (Rafol et al. 2018). 

 

The first three OTF components model the three basic elements of an ideal satellite 

imager: detector, optics, and scan. The last three OTF components model the performance 

degradations of the former elements. To avoid a loss of generality the numerical factors that 

quantify degradations are measured in units of pixels or wavelengths. It is assumed that the 

wavelength, the diameter of the optical aperture and the focal length are fixed, so the optical 

factor is varied by changing the pixel pitch.  

 

To consider that high Q sensors are more susceptible to motion blur (Fiete 2010, p. 122), 

the platform jitter is assumed to be constant so its standard deviation in pixel units is 

proportional to the optical factor. To consider that smaller pixels are more affected by diffusion 

effects (Davis et al. 1998), the diffusion length is assumed to be constant so in pixels units it is 

proportional to the optical factor. 

 

Regarding the symmetry of the spatial response, the OTF components with axial 

symmetry are those of the optical aperture, the optical aberrations, the LOS jitter, and charge 

diffusion. These four OTFs are independent of direction, in particular they have the same form 

in Along Scan (AS) and Cross Scan (CS) directions. The detector’s OTF has the same form in 

AS and CS directions because the pixel has a square active area with a 100 % fill factor, but it 

has a different form in diagonal directions. The scan’s OTF is the only component that has a 

different form in AS and CS directions. 

 

Once the two-dimensional OTF is found, the PSF is readily obtained as its inverse Fourier 

transform. The PSF can then be used to compute the Spatial Resolution Function using the 

method presented in Section 2.3.2.2 of Chapter 2 and Section 6.3.3 of Chapter 6. 

 

3.  Results 

Figure 1 shows the constant SRF curves for a High-Quality Scanner in the (Q, ε) plane 

for a resolving contrast C = 0.1 and C = 0.9, in AS and CS directions.  

When the Ground Sampling Distance (GSD) is used as a spatial resolution metric, it 

assumes R = 1 pixel. It is expected that this metric gives its best estimation for low optical 

factors in CS direction. Observing the CS curves for C = 0.1 (lower left graph of Figure 1) it 

can be seen that the GSD is a good approximation to the SRF for Q < 0.1, as Q increases this 

approximation deteriorates until for Q > 1.5 the SRF is about twice the GSD. For C = 0.9 (lower 

right graph of Figure 1) the error of the GSD metric is much higher even for low optical factors. 

In the four sets of curves of Figure 1, an increase in Q always implies an increase in the 

SRF. This is to be expected as a higher optical factor implies a more extended spatial response, 

so a higher separation distance is required to achieve a certain resolving contrast. 

Regarding the obstruction ratio, an increase in ε may increase or decrease the SRF 

depending on the contrast level and the optical factor. The obstruction distorts the shape of the 

optics’ PSF decreasing its width near its peak and increasing its width at lower levels. For low 
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values of contrast, resolution depends on the PSF’s width near its peak whereas for high values 

of contrast, resolution depends on the PSF’s width at lower levels.  

 
 

 

 

The effect of the obstruction is clearly visible in Figure 1 for the higher range of optical 

actors in which the optics’ PSF predominates over the detector’s PSF. For Q > 1 an increase in 

ε decreases the SRF for C = 0.1 (improves resolution at low contrasts) and increases the SRF 

for C= 0.9 (degrades resolution at high contrasts).  

The difference between the SRF in AS direction (upper graphs of Figure 1) and the SRF 

in CS direction (lower graphs of Figure 1) is due to the scan which manifests as a degradation 

of resolution (an increase of the SRF) in AS direction. This effect is most evident for low 

optical factors as in this case the detector and the scan are the main contributors to the spatial 

response. For the higher optical factors, the optics is the main contributor to the spatial response 

and due to its axial symmetry, the scan asymmetry is less evident. 

Figure 2 shows the constant SRF curves for a Medium-Quality Scanner in the (Q, ε) plane 

for C= 0.1 and C = 0.9. For medium quality there is very little difference between the SRF in 

AS and CS directions because the axially symmetric OTF components predominate over the 

scan asymmetry. 

As expected, for a given values of Q and ε, the SRF of the Medium-Quality Scanner is 

always larger than the SRF of the High-Quality Scanner. The increase of SRF when passing 

from high to medium quality is strongly dependent on the optical factor; Figure 3 shows this 

increase in percent on the (Q, ε) plane for the four cases considered in Figures 1 and 2. 

 Figure 1: Contours of constant Spatial Resolution Function for a High-Quality (HQ) Scanner in Along 

Scan (AS) direction (upper figures) and Cross Scan (CS) direction (lower figures) for image contrasts of 

10 % (left figures) and 90 % (right figures). 
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Figure 2: Contours of constant Spatial Resolution Function for a Medium-Quality (MQ) Scanner in Along 

Scan (AS) direction (upper figures) and Cross Scan (CS) direction (lower figures) for image contrasts of          

10 % (left figures) and 90 % (right figures). 

 

Figure 3: Contours of constant increase in Spatial Resolution Function when passing from a High-Quality 

(HQ) Scanner to a Medium-Quality (MQ) Scanner in Along Scan (AS) direction (upper figures) and Cross 

Scan (CS) direction (lower figures) for image contrasts of 10 % (left figures) and 90 % (right figures). 

 



                
 Appendix 1                                                                  Spatial Resolution Function of obstructed apertures   

182 
 

  

Regarding Figure 3, it can be observed that in all cases the increase of the SRF is small 

(< 7 %) for Q = 0.01 and high (> 137 %) for Q = 2. This shows that under the stated assumptions 

(constant jitter and diffusion length) low Q sensors are much less susceptible to a degradation 

of system parameters than high Q sensors. 

4. Conclusion 

The central obstruction of the optical aperture improves (decreases) the spatial resolution 

distance at low values of resolving contrast but degrades (increases) the spatial resolution 

distance at low values of resolving contrast. 

 For satellite imagers, the difference on the spatial resolution distance in along scan and 

cross scan directions is much more pronounced in a High-Quality imager than in Medium-

Quality imager.  

If the line-of-sight jitter due to spacecraft micro vibrations and the charge diffusion length 

are assumed to be constant, imagers with low optical factors are less susceptible to image 

quality degradations due to sensor imperfections, than imagers with high optical factors. 
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Appendix 2:                                                                                                                                                                                       

Impact of Modulation Transfer Function Compensation                                                                    

on the Spatial Resolution Function 

1. Introduction 

Modulation Transfer Function Compensation (MTFC) is a resampling technique that 

enhances contrast in the image at expense of increasing noise by a factor equal to the noise 

gain, and the appearance of undesired overshoot artifacts (Fiete 2010, 37-156; Schowengerdt 

2007, 309-315). 

MTFC was explicitly considered in versions 3 and 4 of the GIQE, which gauged image 

quality using restored image parameters (Leachtenauer 1997) but is now implicit with other 

resampling techniques in GIQE version 5, which gauges quality of a “well-enhanced” image 

using raw image parameters (Valenzuela and Reyes 2019b). 

In-orbit spatial response measurements of satellite images resampled with MTFC, exhibit 

oscillations of the Edge Spread Function (ESF) and the corresponding negative sidelobes of 

the Line Spread Function (LSF) (Ryan et al. 2003, figure 14; Blonski 2004, 11-12; Helder et 

al. 2006, 22).  

MTFC reduces the sensor’s LSF’s Full Width at Half Maximum (FWHM) by a certain 

factor with respect to unrestored image.  Adopting this width as a resolution metric (Ryan et al. 

2003, 46) it has been claimed for Ikonos (Blonski 2002, 325) and QuickBird (Blonski 2003, 7) 

satellites, that MTFC improves the spatial resolution distance of their images by this same 

factor. 

The objective of this appendix is to investigate the validity of this claim using the Spatial 

Resolution Function developed in Chapter 2. 

2. Materials and Methods 

To assess the previous claim regarding the improvement of spatial resolution distance 

due to MTFC, in this appendix a representative model of MTFC applied to Ikonos PAN images 

will be developed and assessed. 

To develop Ikonos’ model, I consider the Ikonos’ LSF measurements in Cross Scan (CS) 

direction, obtained by Helder et al. (2006, 18) during a five-year period, which yielded LSF’s 

FWHMs of 1.08 ± 0.10 and 1.61 ± 0.08 pixels, with and without MTFC, respectively. As 

expected MTFC decreases the width of the LSF. 

I further consider that Ikonos MTFC convolution kernel had a 4.16 noise gain providing 

an MTF boost greater than 6 at Nyquist frequency (Ryan et al. 2003, 39).  

A 3×3 MTFC quadrant symmetric kernel that has the same noise gain and Nyquist 

frequency boost is found by using the previous works on this type of boosting kernel (Fiete 

2010, equation 9-32; Auelmann 2012, 35; Valenzuela and Reyes 2019b, equations 12-17; 

Koksal 2019, equations 31-34). The required MTFC kernel that emulates Ikonos’ MTFC 

performance is:  
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Kernel = [
𝑐 𝑑 𝑐
𝑏 𝑎 𝑏
𝑐 𝑑 𝑐

]            With   a = 3.997      b = d = - 0.2141        c = -0.5352 

The OTF with MTFC (MTFC On: Condition 2) is equal to product of the OTF without 

MTFC (MTFC Off: Condition 1) and the following contrast boosting function defined in terms 

of the elements of the previous kernel:  

               OTFMTFC(ηx,ηy) = a + 2b·cos(2πηx)+ 4c·cos(2πηx)cos(2πηy) + 2d·cos(2πηy) 

I assume a “medium” value of the optical factor Q = 0.86, as previously published for 

Ikonos PAN channel (Valenzuela and Reyes 2019a, table II).  

I now use the same generic sensor model defined in Chapter 2. To obtain without MTFC 

(Condition 1) an LSF’s FWHM1 = 1.61 pixels, I assume the following values for the three 

model’s parameters defined in section 2.3.1.2, that consider the sensor’s imperfections: 

• Wave Front Error WFE = 0.15 wavelengths. 

• Spacecraft jitter σ = 0.1 pixels.  

• Charge diffusion length L = 0.1 pixels. 

 

 

 

 

 

 

 

 

 
 In the work of Koksal et al. (2019) there is typo in the last term of equation 31. 

Figure 1: Spatial response functions in Cross Scan (CS) direction for the Optical Transfer Function (OTF) 

model of an imager with a medium value of the optical factor Q that emulates the performance of Ikonos 

imaging sensor with (red curves) and without (blue curves) Modulation Transfer Function Compensation 

(MTFC). The left panel represents the Line Spread Function (LSF) in CS direction with MTFC (red curve) 

and without MTFC (blue curve). The right panel represents a cut of the Point Spread Function (PSF) in CS 

direction with MTFC (red curve) and without MTFC (blue curve). The OTF model used to compute the LSF 

and the PSF without MTFC (blue curves) has been tailored to match the Full Width at Half Maximum 

(FWHM) of the LSF in CS direction measured by Helder et al. (2006) for Ikonos without MTFC. The model 

of the MTFC kernel has been tailored to match the specifications published for Ikonos MTFC kernel by Ryan 

et al. (2003). The model predicts the same LSF’s FWHM with MTFC measured for Ikonos by Helder et al. 

(2006), validating the model of the MTFC kernel and showing the coherence between the LSF’s 

measurements of Helder et al. (2006) with the MTFC kernel’s specifications of Ryan et al. (2003).   
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With these assumptions, when the boosting kernel previously defined is applied I obtain 

with MTF (Condition 2) an LSF’s FWHM2 = 1.08 pixels, just like in Ikonos case, validating 

my MTFC kernel. Figure 1 presents resultant the LSFs and PSFs cuts in CS direction. Negative 

sidelobes and FWHM reduction are less pronounced in the PSF than in the LSF.  

The Spatial Resolution Function (SRF) without MTFC is computed by using the 

procedure indicated in Section 2.3.2.2 of Chapter 2 and Section 6.3.3 of Chapter 6. The SRF 

with MTFC is computed as follows: 

• Compute the raw sampled image applying steps 1, 2 and 3 of section 6.3.2.2.  

 

• For each separation between point sources, obtain MTFC image applying the previously 

defined 3×3 kernel to the raw sampled image. 

 

• Compute resolution function of the image with MTFC using steps 4, 5 and 6 of section 

6.3.2.2. 

2.  Results 

Figure 2 shows the SRF with and without MTFC for Ikonos’ model.. 

 

 

 

  

 Figure 2: Spatial Resolution Function (SRF) in Cross Scan (CS) for the model of an imager with a 

medium value of the optical factor Q that emulates the performance of Ikonos imaging sensor with 

(red curve) and without (blue curve) Modulation Transfer Function Compensation (MTFC). The 

SRF is computed as a function of the resolving contrast C in the image. 
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As expected, at high contrast levels the spatial resolution distance is significantly 

improved (reduced) by MTFC. This improvement increases by 0.4 points the image quality 

rating computed by the version 4 of the General Image Quality Equation (Ryan 2003 p. 50).  

I now assess the claim that resolution is improved by the same factor by which the LSF’s 

FWHM is reduced. To assess this claim, the ultimate resolution distance Rmin is computed 

according to the procedure of Section 2.3.2.3. Assuming that the maximum Signal to Noise 

Ratio is SNRmax = 89, as measured in Ikonos PAN channel acceptance tests (Dial 2003, table 

II), I obtain the following values for the minimum detectable contrast Cmin and its 

corresponding ultimate (minimum) spatial resolution distance Rmin: 

Without MTFC: Cmin_1 = 5/89 = 0.056             →       Rmin_1 = R1(0.056) ≈ 1.47 pixels. 

With MTFC:      Cmin_2 = 4.16·0.056 = 0.23     →       Rmin_2 = R2(0.23) ≈ 1.47 pixels. 

Where R1 and R2 are the SRFs computed without and with MTFC, respectively. 

The MTFC kernel of Ikonos increases noise by a factor 4.16, thus MTFC does not 

improve (reduce) Rmin. Thus, both LSF’s FWHM and PSF’s FWHM metrics are unsuitable to 

gauge resolution improvement at the minimum useful contrast. 

4. Conclusion 

Modulation Transfer Function Compensation (MTFC) increases the noise in the image, 

so it does not improve the ultimate spatial resolution distance obtained at the minimum 

detectable value of contrast.  

MTFC improves the spatial resolution distance at medium and high level of contrasts, 

being this the reason why it improves the image quality rating computed by the version 4 of 

the General Image Quality Equation. 

This improvement in image quality is associated to the generation of artifacts that 

increase image the blurring, so a more comprehensive assessment of MTFC must consider the 

Deblurring factor defined in Chapter 5. 
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Appendix 3:                                                                                                    

Assessment of the bivariate Gaussian Point Spread Function model                          

1. Introduction 

A study of 91 remote sensing publications where analytic Point Spread Function (PSF) 

models were employed, indicated that the most popular models were the Gaussian and Fermi 

functions used in 59 and 29 of these works, respectively.  

The objective of this appendix is to use the methodology developed in Chapter 3 to assess 

the most popular PSF model, the Gaussian function, which in its bivariate form is defined as 

(Bensebaa et al. 2004, Campagnolo and Montano 2014, Stankevich 2021): 

    PSF(𝑥, 𝑦) =  𝑒𝑥𝑝 [ −½ (
𝑥

𝜎𝑥
)

2

− ½ (
𝑦

 𝜎𝑦
)

2

 ]                                                  (1)     

Where exp is the exponential function, and σx and σy are the standard deviations in x and 

y directions, respectively. In this appendix, as in Equation (1), the PSF is normalized to a peak 

value of 1.0.  

2. Materials and Methods 

There are several approaches to estimate the σx and σy of the Gaussian model from spatial 

response measurements. I note here three of them.  

The first approach is to measure the Edge Spread Function (ESF) in x and y directions 

using two straight edges in the scene orientated at y and x directions, respectively. The derivate 

of the ESF in one direction yields the Line Spread Function (LSF) in this same direction. The 

Full Width at Half Maximum (FWHM) of the LSFs can be used to compute the standard 

deviations (Campagnolo and Montano 2014, 5625; Radoux et al. 2016, 12): 

           𝜎𝑥 =
𝐹𝑊𝐻𝑀𝑥  

2.355
                 𝜎𝑦 =

𝐹𝑊𝐻𝑀𝑦  

2.355
                                                         (2)     

Where FWHMx and FWHMy are the full widths at half maximum of the LSFs in x and 

y directions respectively. 

The second approach is to directly measure the Point Spread Function using a set of 

point sources (Schiller 2016). If the FWHMs of the PSF in x and y directions are known, then 

Equation (2) can also be used, but in this case FWHMx and FWHMy are the full widths at half 

maximum of the PSF in x and y directions respectively. 

The third approach is to assume that the standard deviations are equal to the Effective 

Instantaneous Field Of View (Morales-Irizarry and Velez-Reyes 2009).  

When the standard deviations are defined, the assessment of the resultant model in the 

optical factor (Q) versus aperture obstruction ratio (ε) plane is straightforward by using the 

methodology developed in Chapter 3. The same generic sensor used in Chapter 3 and Chapter 

4 will be here employed. 

It is out of the scope of this Appendix to assess these three approaches, only the first and 

second approaches will be here considered for the same generic high-quality imager defined in 

Chapters 2, 3, and 4. 
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3. Results 

3.1. Model defined in terms of the Line Spread Functions 

Figure 1 shows some constant Mean Average Percentage Error (MAPE) contours in the 

(Q, ε) plane for the Bivariate Gaussian Model assessed for PSF ≥ 0.1, assuming that the 

standard deviations are computed through the LSFs’ FWHMs. 

 

 

 

 

 

The minimum MAPE is 8 % for Q = 0.38 and ε = 0.5. The maximum MAPE is 59 % for 

Q = 2 and ε = 0.5. The oval shaped domain of validity inside the 10 % contour is only useful 

for highly obstructed apertures (ε ≥ 0.4) being too narrow to be of practical utility.,  

Figure 2 shows some constant MAPE contours in the (Q, ε) plane for the Bivariate 

Gaussian Model assessed for PSF ≥ 0.01. The minimum MAPE is 28 % for Q = 0.23 and              

ε =0.5. The maximum MAPE is 230 % for Q = 0.04 and ε = 0.05. Thus, the Gaussian model 

has no domain of validity (MAPE is always higher than 10 %) when it is assessed two orders 

of magnitude below the peak response. 

The Gaussian model has high errors for Q << 1 because in this case the PSF has a 

triangular shape in AS direction and a square shape in CS direction (Schowendgert 2007, 88-

89), thus, in neither direction this model matches the PSF shape.  

For Q > 1, although the upper part of the PSF approximates a Gaussian shape, when the 

Gaussian model is adjusted to the LSF’s FWHM it has high errors because the LSF deviates 

from a PSF cut. This deviation is characteristic of circular apertures being more pronounced 

for obstructed apertures (Tschunko 1978). 

Figure 1: Mean Absolute Percentage Error (MAPE) of Bivariate Gaussian PSF model for PSFmin = 0.1 when 

adjusted to the Line Spread Function’s Full Width at Half Maximums in Along Scan and Cross Scan 

directions. Contours of constant MAPE are drawn for the Bivariate Gaussian Point Spread Function model in 

the optical factor Q - obstruction ratio ε plane, for the case of the high-quality Generic Sensor defined in 

Chapters 2, 3 and 4. 
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The highest errors occur for Q > 1 and ε > 0.4, because the monotonic Gaussian function 

is unable to reproduce the secondary lobes that appear due to the aperture obstruction. These 

secondary lobes are not relevant for Q < 0.5. 

 

 

 

 

 

Thus, the failure of the Gaussian PSF model when it is defined in terms of the LSF is 

due to three factors: 

• For Q << 1 the LSF approximates a PSF cut, but the shape of the PSF deviates from 

Gaussian.  

• For Q > 1 the upper part of the PSF approximates a Gaussian shape, but the LSF deviates 

from a PSF cut.  

• For Q > 1 and ε > 0.4 the PSF shape deviates from Gaussian due to the appearance of 

secondary lobes. 

3.2. Model defined in terms of the Point Spread Function 

If the standard deviations of the Gaussian model are computed in terms of the PSF’s 

FWHMs instead of the LSF’s FWHMs, then its domain of validity for PSF ≥ 0.1 is much larger, 

as illustrated in Figure 3 which must be compared with Figure 1.  

The domain of validity for PSF ≥ 0.1 increases substantially, achieving very low errors 

for unobstructed apertures and high optical factors. This domain vanishes for PSF ≥ 0.01 as the 

minimum MAPE in the (Q, ε) plane is now 26 %. Thus, although the Bivariate Gaussian model 

is not useful to model the PSF when it is based in the LSF’s FWHMs, it has a large domain of 

Figure 2: Mean Absolute Percentage Error (MAPE) of Bivariate Gaussian PSF model for PSFmin = 0.01 when 

adjusted to the Line Spread Function’s Full Width at Half Maximums in Along Scan and Cross Scan 

directions. Contours of constant MAPE are drawn for the Bivariate Gaussian Point Spread Function model in 

the optical factor Q - obstruction ratio ε plane, for the case of the high-quality Generic Sensor defined in 

Chapters 2, 3 and 4. 
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validity for PSF ≥ 0.1 if the PSF’s FWHMs are used to define its standard deviations. It is not 

applicable when the range PSF ≥ 0.01 must be modelled. 

 

 

 

 

3.3.  Other cases in which the model is valid 

3.3.1. Low quality imagers 

The Gaussian model can be useful for some types of low-quality imagers, two cases are 

here considered.  

In the first case, if a sufficiently large number of OTF components of different shapes 

degrade the system PSF, then according to the central limit theorem of statistics this PSF should 

be Gaussian (Chen 2011, 7181-7182). 

In the second case any satellite imager with a spatial response dominated by a Gaussian 

jitter with a sufficiently high standard deviation will also have a Gaussian system PSF.  

In both cases, the spatial resolution of the satellite imager is much larger than its Ground 

Sampling Distance (Valenzuela et al. 2022). 

Thus, these two cases in which the Gaussian PSF is valid are representative of low-

quality imagers with heavily degraded performance due to a large number of OTF components 

or Gaussian line of sight jitter. 

3.3.2. High quality imagers 

 For some high-quality imagers with optical factors Q > 0.4 and aperture obstruction 

ratios ε < 0.2, the Gaussian function is useful to model the PSF in the range PSF > 0.1, as 

Figure 3: Mean Absolute Percentage Error (MAPE) of Bivariate Gaussian PSF model for PSFmin = 0.1 when 

adjusted to the Point Spread Function’s Full Width at Half Maximums in Along Scan and Cross Scan directions. 

Contours of constant MAPE are drawn for the Bivariate Gaussian Point Spread Function model in the optical 

factor Q - obstruction ratio ε plane, for the case of the Generic Sensor defined in Chapters 2, 3, and 4.  
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illustrated in Figure 3. The Gaussian model fails in the range PSF < 0.1 regardless of the optical 

factor and obstruction ratio.  

The failure of the Gaussian model for high quality imagers when PSF < 0.1 is in 

contradiction with the positive assessment published by Schiller (2016) for this model due to 

its application to the panchromatic channel of Landsat 8. This positive assessment is based on 

the fact that negligible residuals are obtained with a Gaussian fit to the PSF measurements of 

this channel (Schiller 2016, 30). 

The following procedure shows that very small residuals do not guarantee a small error: 

1.  Assume that the PSF of Landsat 8’s panchromatic channel is a bivariate Gaussian function. 

Then, due to the definition of LSF, for the special case of a bivariate Gaussian PSF, the LSF 

in Along Scan (AS) and Cross Scan (CS) directions should be a one-dimensional Gaussian 

function with a standard deviation equal to the standard deviation of the PSF in AS and CS 

directions, respectively (Marchand 1965). 

 

 

 

2. Download the LSF measurements versus ground distance published for Landsat 8’s  

panchromatic channel (OLI Band 8) in AS and CS directions (USGS 2019). These LSF 

measurements are normalized to a maximum value of 1 and the distance is normalized to 

pixel units dividing the ground distance by the Ground Sampling Distance (GSD) of the 

panchromatic channel (GSD = 15 m). The normalized LSF measurements in a direction are 

presented as blue dots in Figure 4 and Figure 5. 

Figure 4: Line Spread Function measurements for Landsat 8’s panchromatic channel (blue dots) and their Gaussian 

model fitted to the Full Width at Half Maximum (red curve), presented in linear scale.  
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3.  Compute the Full Width at Half Maximum (FWHM) in AS and CS directions from the 

correspondent LSF measurements, by using linear interpolation between the two 

measurements that are adjacent to the LSF = 0.5 value. The following values are obtained: 

                            FWHMAS = 0.985 (pixels)                 FWHMCS =  0.920 (pixels)  

4.  Compute the standard deviation of the LSF Gaussian model in AS and CS directions from 

the correspondent FWHM using Equation (2). The following results are obtained: 

                                  σAS = 0.418 (pixels)                         σCS =  0.391 (pixels) 

5. Compute the LSFs predicted by the Gaussian model using the following equations: 

LSF AS (𝑥) =  𝑒𝑥𝑝 [ −½ (
𝑥

𝜎𝐴𝑆
)

2

 ]                                                    (3)   

LSFCS (𝑦) =  𝑒𝑥𝑝 [ −½ (
𝑦

𝜎𝐶𝑆
)

2

 ]                                                    (4)     

Where x and y are the distances (measured in pixel units) to the point of peak response in 

AS and CS directions, respectively. The LSF in AS direction, predicted by Equation (3) is 

shown as a red curve in Figures 4 and 5. 

 

 

 

The residuals of the Gaussian model are the difference between the LSF values predicted 

by the model and the actual model. These residuals are quite small; the maximum values in AS 

and CS direction are 0.02 and 0.05, respectively. But, as illustrated in Figure 5 using 

logarithmic scale, this does not mean that the errors of the Gaussian model are small; this model 

underestimates the LSF by more than twelve orders of magnitude at a distance of 3.5 pixels 
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Figure 5: Line Spread Function measurements for Landsat 8’s panchromatic channel (blue dots) and their 

Gaussian model fitted to the Full Width at Half Maximum (red curve), presented in logarithmic scale.  
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from the peak response. This conclusion is coherent with the results of the high-quality Generic 

sensor illustrated in Figures 1 and 2 which indicate that the Gaussian model may be valid 

(MAPE < 10 %) for PSF > 0.1 but that it is not valid (MAPE > 10 %) for PSF > 0.01.  

To illustrate the impact of the Gaussian model errors, I consider an example in which a 

strong point source in the scene is projected in the image plane at the centre of a pixel “A”. 

Assume that it is required to find the effect of this point source at a nearby pixel “B” that is 

separated by one pixel from pixel “A”. The centre of pixel “B” is located two pixels from the 

centre of pixel “A”, so from the LSF measurements (blue dots of Figure 4 and 5) it can be 

concluded that the signal induced by the point source at pixel “B” is about 150 times smaller 

than the signal induced by this source at pixel “A”. 

But, if the Gaussian model is used to estimate this effect, it is erroneously concluded that 

the signal induced by the point source at pixel “B” is about 68 thousand times smaller than the 

signal induced by this source at pixel “A”. Thus, the Gaussian model errs by about three orders 

of magnitude in this task.  

4. Conclusion 

For the case of a high-quality Generic sensor the bivariate Gaussian Point Spread 

Function (PSF) model is practically useless when based on the Full Width at Half Maximum 

(FWHM) of the Line Spread Function (LSF) in Along Scan (AS) and Cross Scan (CS) 

directions.  

For this same case, in the upper PSF range (PSF > 0.1), the Gaussian PSF model is valid, 

that is it has a Mean Absolute Percentage Error (MAPE) smaller than 10 %, for optical factors 

greater than 0.4 (Q > 0.4) and optical obstruction ratios smaller than 0.2 (ε < 0.2). When values 

of PSF > 0.01 are of interest the model is not valid (MAPE > 10 % for all values of Q and ε).  

The Gaussian Point Spread Function model is useful for low quality satellite imagers that 

have a Gaussian Optical Transfer Function (OTF), due to the predominance of an OTF 

component that has a Gaussian response (for example Gaussian spacecraft jitter) or due to the 

existence of a very large number of OTF components that give a Gaussian shape to the final 

system OTF. 

The fact that the Gaussian model has low residuals for some high-quality imagers does 

not mean that it has small errors; it has been shown that with residuals not larger than 0.02 (2 % 

of the LSF) the model underestimates the LSF by many orders of magnitude at a few pixels 

away from the peak response. 


