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The image processing technique known as superresolution (SR) has the potential to allow engineers to specify
lower resolution and, therefore, less expensive cameras for a given task by enhancing the base camera’s resolution.
This is especially true in the remote detection and classification of objects in the environment, such as aircraft or
human faces. Performing each of these tasks requires a minimum image “sharpness” which is quantified by a
maximum resolvable spatial frequency, which is, in turn, a function of the camera optics, pixel sampling density,
and signal-to-noise ratio. Much of the existing SR literature focuses on SR performance metrics for candidate
algorithms, such as perceived image quality or peak SNR. These metrics can be misleading because they also credit
deblurring and/or denoising in addition to true SR. In this paper, we propose a new, task-based metric where the
performance of an SR algorithm is, instead, directly tied to the probability of successfully detecting critical spatial
frequencies within the scene. © 2015 Optical Society of America

OCIS codes: (100.1455) Blind deconvolution; (100.1830) Deconvolution; (100.2980) Image enhancement; (100.3008) Image

recognition, algorithms and filters; (100.3190) Inverse problems; (100.6640) Superresolution.
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1. INTRODUCTION

One practical application of imaging cameras is the remote de-
tection and classification of objects of interest in the environ-
ment. Originally, with the introduction of electronic imaging
cameras circa 1950, these tasks were performed exclusively by a
human being watching the analog output of a camera on a dis-
play. With the modern development of compact, yet powerful
digital computers, these same tasks are performed automatically
by a machine. Quantitatively, the metric which describes the
success of the remote detection and classification task is high
probability of correct classification. Intuitively, the ability of
either a human being or computer to perform the task with
a high probability favorably scales with improved “image
sharpness.”

Image sharpness is a function of the highest spatial frequen-
cies present in the scene that can be resolved by the camera.
The camera’s spatial frequency response is determined by its
optics and sensitivity. Additionally, if the camera’s image is digi-
tized (a requirement for computer-based detection and classi-
fication) the frequency response is also dependent upon pixel
sampling density. Superresolution (SR) image processing
algorithms aim to increase the effective M ×N pixel sampling
density of the base camera to that of an equivalent camera with
a kM × kN pixel sampling density (k is a value greater than 1).
In doing so, the SR algorithm improves image sharpness and,

therefore, should improve detection and classification task
performance.

In a typical engineering application, the camera specifica-
tions, such as minimum pixel sampling density, will flow down
as derived requirements from upper-level performance require-
ments, such as probability of classification. In this paper, we
examine the question, under what conditions can a require-
ment for a kM × kN pixel density camera be satisfied by a less
expensive M ×N camera that is then upsampled to kM × kN
by an SR algorithm?

Much of the existing SR literature focuses on performance
metrics for algorithms such as perceived image quality or peak
signal-to-noise ratio SNR (PSNR). Other visual quality metrics
are based on assessing characteristics of the processed output
image that make it “better” from the perspective of human per-
ception. Unlike PSNR, the visual quality metrics have the ben-
efit that they may be made on any output image without the
need to know the ground truth or correct high-resolution
image. As such, a class of SR algorithms may also be derived
based solely on optimizing these metrics [1]. Prevalent visual
quality metrics include entropy-based [2,3], edge contrast mea-
sure [3–5], and absolute mean brightness error [3,6].

PSNR and other image quality metrics can be misleading
because most SR methods are simultaneously coupled with
other enhancements such as deblurring and/or denoising.
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These latter enhancements can increase both the perceived im-
age quality as well as PSNR without truly increasing the spatial
frequency response of the camera. Also, improved visual quality
does not necessarily translate into improved fidelity, which is
often a critical factor for accurate remote detection and classi-
fication of objects. Alternate measures, such as the triangle
orientation discrimination method [7], which measures an
observer’s ability to determine the orientation of an image of
an equilateral triangle, are more directly traceable to the camera
resolution; however, for the purpose of SR evaluation, these
measures are still undesirable because they measure broadband
frequency characteristics as opposed to the specific capability of
the camera to recover higher frequencies. In this paper, we
propose an alternate metric to evaluate the performance of
an SR algorithm based directly on detectability of high spatial
frequencies that are present in the scene. We show that the
penalty of applying SR to anM ×N pixel camera is an effective
loss of SNR at higher frequencies relative to a true kM × kN
camera and that this penalty is reflected in our proposed metric.
We then use our task-based metric to compare a set of standard
SR algorithms on both simulated as well as real camera imagery.

The remainder of the paper is organized as follows. In
Section 2, we provide background on the physical imaging
model, SR, and the relationship between spatial frequency res-
olution and classification. In Section 3, we introduce a new
metric for measuring SR algorithmic performance based upon
probability of successfully measuring high-frequency content in
the scene. In Section 4, we perform a set of experiments using
simulated imagery of an infrared camera. In Section 5, we
perform further experiments using real imagery from a
visible-band camera. In Section 6, we provide our conclusions
and future work.

2. BACKGROUND

A. Image Model

References [8,9] provide a basic model, sufficient for analyzing
SR, of the process by which an analog scene in the environment
is converted into a digital image. The four critical components
are the analog blur of the camera’s optics, the analog integration
of the pixel detector, digital sampling, and noise. The process is
depicted in Fig. 1.

Note that the spatial geometric properties of a camera are
fixed in angular, not linear, space. That is, the total field of view
(FOV) is an angle as well as the angular subtense, instantaneous

FOV (IFOV) of each individual pixel. Therefore, when discus-
sing spatial properties of the camera and images, we will use
angular versus linear units. The same is true when representing
the capability of the human eye [10].

The analog imaging process is given, for incoherent light
systems, by

i�x; y� � s�x; y� � h�x; y� � 1

jabj rect
�
x
a
;
y
b

�
; (1)

where �x; y� are spatial coordinates (a typical unit would be
milliradians), s�x; y� is the external scene, h�x; y� is the camera’s
optical point spread function (psf ), and “�” denotes the con-
volution operator. The function 1

jabj rect�xa ;
y
b� represents the

integration over the area of a pixel detector with spatial dimen-
sions a × b. It is generated from the rectangle function

rect�u; v� �
�
1; 0 ≤ u ≤ 1; 0 ≤ v ≤ 1
0 otherwise

: (2)

The actual image output of the camera is discrete with

I�m; n� � i�mΔx; nΔy�; (3)

where �m; n� are integer pixel indices and Δx, Δy are the spatial
separation between individual pixels in the sampling lattice.
Note,

a ≤ Δx; and b ≤ Δy; (4)

with the equality holding in the case of a nonreticulated focal
plane array, i.e., one with a 100% fill factor.

One of the key limitations of the resolution of the imaging
system, which is completely independent of pixel density, is the
lens blur, h�x; y�. Although this is a property of the specific lens
design, all cameras have a minimum blur limit, known as the
Rayleigh diffraction limit. The theoretical form of the lens blur,
corresponding to a diffraction-limited system, is given as a
Bessel function. However, due to the inevitable contribution
of effects such as residual lens aberration, jitter, atmospheric
turbulence, and optical bandwidth, the blur is, in general,
adequately represented by a Gaussian as in [11,12] as

h�q� � exp

�
−q2

2σ2

�
and σ � 0.42λ

D
; (5)

where q is the spatial distance from the center of the point
spread, λ is the center wavelength of the camera’s spectral band-
pass, D is the aperture diameter, and σ is the standard deviation
of the resulting Gaussian expressed in milliradians. It is also
useful to consider the diffraction-limited blur in the frequency
domain, called the modulation transfer function (MTF),
given by

H �ω� � Ffh�q�g � exp�−2π2σ2ω2�; (6)

where ω is spatial frequency.
For a digital camera, once the blurred scene image is pre-

sented to the focal plane array (FPA), it is further influenced
by pixelization and sampling process. Analogous to sampling in
the time domain, the sampling period of a digital camera is
equal to the angular subtense, or IFOV, of each individual
pixel. For a narrow FOV camera, the IFOV is near constant
and given byFig. 1. Model of the imaging process.
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IFOV � FOV

#pixels
: (7)

This corresponds to a sampling frequency, ωs, of

ωs �
1

IFOV
: (8)

Per the Nyquist–Shannon sampling theorem, the largest spatial
frequency that can be detected by the camera without aliasing,
ωmax, is given by

ωmax �
ωs

2
: (9)

Any high spatial frequencies, above ωmax, from the external
scene that pass through the optics will, therefore, be aliased.

B. Superresolution Algorithms

Superresolution refers to a class of image processing algorithms
which effectively increase the sampling density of a digital im-
aging system from M ×N pixels to kM × kN pixels where k is
some value greater than 1 [13–19]. The beginning of the field is
typically credited to the 1984 work by Huang and Tsai [19].

To facilitate the discussion, we will introduce the specific
characteristics of an example camera that will be used later
in the paper. For the example, we use the Tau-640 long-wave
infrared (LWIR) camera [20], which is representative of an in-
expensive class of thermal imagers. The Tau-640 has 640 × 512
pixels, an aperture diameter, D, of 6.4 cm, a FOV of
6.25 × 5.00 deg , and a spectral bandpass from 8 to 12 μm.

Even though images and their corresponding frequency
spectra are two-dimensional, it is often convenient for nota-
tional and conceptual clarity to consider effects in just a single
dimension. We will use this simplification technique, when
possible, throughout the paper. For the below discussion of the
Tau-640 camera, we will consider characteristics only in the
horizontal dimension. From Eq. (7) and the camera parameters
listed above, the IFOV in the horizontal dimension is given by
IFOV��6.25 deg�∕�640 pixels�� 9.766e−3 deg� 170 μrad.

Using Eq. (6) to approximate the diffraction-limited optical
response, the frequency response of the camera is shown in
Fig. 2 (λ is set to the center of the bandpass, i.e., 10 μm). For
visual clarity, throughout this paper, frequency response curves
will be shown on a semi-log plot and, unless otherwise speci-
fied, normalized to unity at DC. Figure 2 also shows the maxi-
mum frequency ωmax � 2.9 cycles∕mrad given by the pixel
sampling density and Eq. (9).

It is readily apparent that any image processing task requir-
ing detection of spatial frequencies above the 2.9 cycles∕mrad
ωmax will mandate some form of SR to unroll these aliased
frequencies. Typically, these SR algorithms require multiple
images of the scene with some change in the observation
parameters, such as camera motion, between them in order
to remove the ambiguity in aliased frequency components.
However, it is also apparent from Fig. 2 that any SR algorithm
will have increasing difficulty recovering higher spatial frequen-
cies. For information at spatial frequencies of approximately
11 cycles∕mrad and higher, the optical MTF extinguishes the
signal by over 4 orders of magnitude. Although there are some
special cases where this high-frequency attenuation can be over-
come by techniques such as lengthening the exposure time

(e.g., astronomical imagery against a cold space background),
these methods will typically be limited by the dynamic range of
the camera and supporting electronics. That is, lower-frequency
signals present in the imagery will push the camera into satu-
ration before the higher-frequency components become resolv-
able from the noise. Tasks requiring resolution beyond the
practical MTF cutoff cannot be accomplished with SR and will,
instead, require an investment of a higher-quality and, likely,
more expensive camera.

The characteristic shown in Fig. 2, where the optical cutoff
frequency is high enough to permit some degree of aliasing, is
common in image system design where considerations of alias-
ing must be balanced with other system characteristics, such as
FOV and sensitivity [21]. Indeed, for applications such as video
forensics, images with a degree of aliasing are preferred over
perfectly smooth images [22]. This is often particularly true
in infrared imaging systems where, in contrast to visible-band
sensors (390–750 nm), the construction of an FPAwith smaller
and more closely spaced detector elements is very difficult or
may be prohibitively expensive due to fabrication complexity
and quantum efficiency problems [8]. This fact makes infrared
cameras good candidates for SR enhancement.

In general, the above observation also suggests that, if it is
known that a particular camera will be used in an application
where its output will always be subjected to SR signal process-
ing, the optical design should be tailored to maximize as
opposed to minimize aliasing.

The fundamental frequency domain perspective of SR
comes from considering the Fourier transform X �ωx ;ωy� of
the analog (presampled) image. A spatial translation of (δx , δy)
produces an image spectrum

X 0�ωx ;ωy� � exp�jω�δxωx � δyωy��X �ωx ;ωy�: (10)

The discrete Fourier transform of the digital image I�m; n�,
where �m; n� are discrete pixel indices, is related to the analog
spectrum X �ωx ;ωy� by the aliasing property

Fig. 2. Theoretical diffraction-limited MTF of the Tau-640
(Gaussian approximation).
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I
�
rx
M

ωs ;
ry
N

ωs

�
�

X∞
k�−∞

X∞
l�−∞

X
�
rx
M

ωs − kωs ;
ry
N

ωs − lωs

�
;

(11)

where M and N are the width and height of the discrete spec-
trum. The discrete Fourier transform only exists at integer val-
ues of the indicies rx and ry which range between 	M∕2 and
	N∕2, respectively (M and N even). Each element, therefore,
of the discrete transform is a linear superposition of a base ana-
log frequency component between	ωs∕2 and all of the aliased
analog frequency components displaced by integer multiples of
ωs. When the shift operator, exp�jω�δxωx � δyωy��, is applied
in the analog domain, each of the aliased frequency compo-
nents is given a different phase shift than the base frequency
component. If multiple images are available with different
translational shifts, their discrete transforms lead to a system
of linearly independent equations which can be solved to unroll
the aliased frequencies [13].

Equations (11) and (12) also illustrate why spatial frequen-
cies beyond the optical cutoff cannot be recovered by SR algo-
rithms. Any component of the scene that is extinguished by
H �ω� will thus be independent of the application of the shift
operator. From an information perspective, optical blur repre-
sents a true loss of information, whereas aliasing is only a scram-
bling of information. SR algorithms can only unscramble the
existing information.

Along with this concept, it is instructive to reconsider the
rectangular pixel integration term, 1

jabj rect�xa ;
y
b�, from Eq. (1).

In the common case of an imager with 100% fill factor, i.e., the
pixel size is equal to the pixel spacing or a � Δx, b � Δy, its
frequency spectrum is a sinc function, as shown in Fig. 3.
Again, for notational and conceptual clarity, we will consider
effects in just a single dimension. At frequencies below ωs, it
has the effect of adding additional attenuation. However, the
gain drops to 0 for frequencies at near-integer multiples of
ωs, meaning that there is no information transferred to the dig-
ital image at these frequencies. These regions of unrecoverable
information loss are a factor when performing SR with a pixel
density increase greater than a factor of 2×.

Given the model expressed in Eqs. (11) and (12), we can
obtain a prediction of the SNR penalty associated with SR. To
simplify the problem, we will examine the effect in just

one dimension. We will also limit the problem to that of per-
forming an SR magnification of 2×. That is, given a low-
resolution (LR) N element pixel array with pixel IFOV �
1∕ωs, we will attempt to recover the signal that would be
observed by a virtual, high-resolution (HR) 2N element pixel
array with a smaller pixel IFOV � 1∕2ωs. Furthermore, we
will assume that the combination of the scene and the optics
band limit the signal reaching the image plane such that there is
no aliasing in the HR image. Under these conditions, the dis-
crete Fourier transform of the HR signal is given by

IHR

�
ω � r

N
ωs

�

� H �ω�sinc
�

ω

2ωs

�
S�ω�; −N ≤ r ≤ N ; (12)

where H �ω� and S�ω� are the discrete Fourier transforms of
the optical blur and scene, respectively [see model in Eq. (1)].
By the aliasing property in Eq. (12), the corresponding spec-
trum of the LR image is given by

ILR
�
ω� r

N
ωs

�

�H �ω�sinc
�
ω

ωs

�
S�ω�

�H �ω −ωs�sinc
�
ω

ωs
− 1

�
S�ω −ωs�; 0 ≤ r ≤

N
2
: (13)

Note that Eq. (13) is only valid for the positive half of the LR
spectrum where 0 ≤ r ≤ N

2 . As we are working with all real
values signals, the negative half of the spectrum is redundant
in that ILR�−ω� is the complex conjugate of ILR�ω�.

Additionally, if we capture a second image translated by
a displacement, δ, the transform of the shifted LR image is
given by

I 0LR

�
ω� r

N
ωs

�

� exp�2πjωδ�H �ω�sinc
�
ω

ωs

�
s�ω�

� exp�2πj�ω−ωs�δ�H �ω−ωs�sinc
�
ω

ωs
−1

�
S�ω−ωs�: (14)

For compactness, we define a gain term, G�ω�, to reflect the
relative signal loss between the LR and HR signals due to the
pixelization term. That is,

G�ω� �
sinc�ωωs

�
sinc� ω

2ωs
� � cos

�
πω

2ωs

�
: (15)

Combining Eqs. (12), (13), (14), and (15), we get the following
linear equation relating the transform of the pair of LR signals
to that of the HR signal:

Fig. 3. Normalized frequency response of the rectangular pixel
integration term from Eq. (1).
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�
ILR�ω�
I 0LR�ω�

�

�
�

G�ω� G�ω − ωs�
exp�2πjωδ�G�ω� exp�2πj�ω − ωs�δ�G�ω − ωs�

�

×
�

IHR�ω�
IHR�ω − ωs�

�
: (16)

Equation (16) may be solved to unroll the aliased frequency
components in the HR signal by�

IHR�ω�
IHR�ω −ωs�

�
� 1

exp�−2πjωsδ� − 1

" exp�−2πjωsδ�
G�ω� − exp�−2πjωδ�

G�ω�

− 1
G�ω−ωs�

exp�−2πjωδ�
G�ω−ωs�

#

×
�
ILR�ω�
I 0LR�ω�

�
: (17)

Therefore, in the absence of noise and perfect knowledge of δ,
the HR frequency components may be recovered exactly. If the
LR signal is subject to broadband noise of magnitude, σLR ,
then the noise amplification in the recovered frequency
components is given by

σ2HR–SR�ω� �
j exp�−2πjωsδ�j2 � j exp�−2πjωδ�j2

G�ω�2j exp�−2πjωsδ� − 1j2
σ2LR

(18a)

and

σ2HR–SR�ω − ωs� �
1� j exp�−2πjωδ�j2

G�ω − ωs�2j exp�−2πjωsδ� − 1j2
σ2LR ;

(18b)

where the subscript “HR–SR” indicates the high-resolution
image based upon SR processing. Simplifying, we get

σ2HR–SR�ω� �
1

G�ω�2�1 − cos�−2πωsδ��2
σ2LR ; (19)

which is valid at discrete samples ranging from −ωs ≤ ω ≤ ωs.
Based on Eq. (19), we can define a loss function as the ratio of
the SNR of the recovered HR frequency components to the
SNR of those same components as would be collected by the
virtual HR imager. As we would be able to perform Eq. (18) on
both ω and −ω, as we know the two results form a complex
conjugate pair, we may further reduce the variance of the re-
covered HR frequencies, from Eq. (19), by a factor of ½ by
averaging. We define an aggregate loss function for the SR
process as

L�ω� � SNRHR–SR
SNRHR

: (20)

In order to provide an expression for L�ω�, we have to make the
explicit assumption that the raw noise characteristics of the vir-
tual HR camera are identical to those of the LR camera, i.e.,
σHR � σLR . As a practical consideration, if we were to actually
fabricate a real HR camera, various design compromises would
likely invalidate this equality assumption. For example, if the
physical size of each individual pixel were reduced in order to fit
the larger number of pixels on the same FPA substrate, the sen-
sitivity of each pixel would be reduced resulting in σHR > σLR .
Other factors affecting σHR for a real camera would be

integration time and electronic readout characteristics.
However, both because we lack specific design modification de-
tails for a real HR camera and because we are interested in SNR
affects due to the SR process, we will proceed with the
assumption of equivalent noise for the virtual HR camera.
Given that assumption, and substituting Eqs. (19) and (20),
we can write

L�ω� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2σ2LR�ω�
σ2HR–SR�ω�

s
�

ffiffiffi
2

p
G�ω��1 − cos�−2πωsδ��: (21)

Our final loss function, L�ω�, is shown in Fig. 4 for translation
displacements between the two LR signals of 0.50, 0.25, and
0.10 pixels.

As expected, Fig. 4 shows that the ability to recover the HR
spectrum, from an SNR perspective, improves with larger
frame to frame subpixel translation, with the maximum at
0.50 pixels, or δ � 0.50 IFOV. Also, even though Eq. (17)
shows that we are able to unambiguously unroll aliased
frequencies over the entire spectrum, Fig. 4 shows that, for
higher frequencies, we pay an increasing penalty in SNR.
Note that for lower frequencies, with large displacement, we
actually get a boost in SNR as the fact that we have two mea-
surements dominates the increase in noise. Consequently,
because the optics are fixed, the superresolved LR camera, will
require a higher overall scene SNR than the virtual HR camera
to meet the same application performance requirements.
Because the results in this section assume the displacement,
δ, is known perfectly, Fig. 4 is an optimistic result. The
inevitable uncertainty in the exact value of δ for any real
implementation will lead to an even lower SNR for the super-
resolved image.

For some applications, with plenty of signal margin the im-
pact of the SNR penalty may be very low. However, many ap-
plications that are attempting to push the capabilities of the
camera to its limit, such as remote detection and classification,
will be stressing both from a resolution as well as SNR perspec-
tive. For these later applications, the reduction in SNR due to
SR must be carefully taken into account when establishing the

Fig. 4. Predicted SNR loss over normalized frequency due to SR.
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practicality of using SR in lieu of a more expensive, higher-
resolution camera.

As with many image processing applications, there is com-
plementary benefit to considering them in both the frequency
and spatial domains. Much of the original work in superreso-
lution consisted of deriving algorithms in the frequency domain
[13] directly from the perspective of unrolling aliased frequen-
cies. However, these methods were very limited in the complex-
ity of the image observation model they could handle, e.g.,
spatially varying blur. Therefore, most recent SR algorithms ad-
dress the problem in the spatial domain. Although preferable
for generating algorithms, the spatial domain perspective can
obscure understanding the basic phenomenology and, more
importantly, the limitations of SR. For fundamental analysis,
the frequency domain perspective is still preferred.

It is worth mentioning at this point SR signal processing
techniques described as achieving resolution beyond the limits
of the optical MTF, sometimes referred to as “beating the
Rayleigh limit.” These techniques appear in microscopy [17]
where they can capitalize on the instrumentation’s ability to
manipulate the illumination source. Another example is from
astronomy [23–25] where the presence of a single or binary star
may be determined from the resolution-limited image. In gen-
eral, these methods do not actually improve the MTF but
rather find ways to better use the information that is captured
within the existing MTF. This is possible because most all ob-
jects produce a broad spectral signature when imaged. That is,
they contain characteristic spectral information at frequencies
below the Rayleigh cutoff as well as above. For example, in the
specific case of the binary star versus single-star detection, a
naïve requirement flow down would suggest that, if the stars
are separated by an angular displacement δ, the imaging system
would require a minimum resolution of 2∕δ. However, as there
are only two prior-known hypotheses, and the spectral signa-
ture of a point source is broadband, a statistical inference sepa-
rating the single-star versus the two-star case may be made
using much more limited spectral information at frequencies
much less than 2∕δ.

A typical spatial domain model for SR is described in [17].
This model assumes that the imaging process has captured L
low-resolution images yk from an unknown high-resolution im-
age x. Note that in this formulation, both the LR and HR im-
ages are already in the discrete, pixelated domain. The LR
images yk and the HR image x consist of N and PN pixels,
respectively, where the integer P > 1 is the factor of increase
in resolution. In order to represent the problem compactly
in matrix-vector notation, the images yk and x are arranged
in lexigraphic order as N × 1 and PN × 1 vectors, respectively.
The imaging process model includes shifting, blurring (MTF),
noise, and downsampling as

yk � AHkC�sk�x � nk; (22)

where A is the N × PN downsampling matrix, Hk is the
PN × PN blurring matrix, C�sk� is the PN × PN warping ma-
trix generated by the image motion vector sk, and nk is the
N × 1 acquisition noise. Given Eq. (21), the SR problem is
to find the best estimate of the HR image x from the set of
LR images yk using prior knowledge about C�sk�, nk, and x.

The direct inversion of Eq. (22) is known to be ill-posed [9].
Consequently, the majority of spatial algorithms contain regu-
larization to constrain the output by encoding a priori assump-
tions about the image, noise, or motion models. In [17],
Eq. (22) is solved using a variational Bayesian framework that
simultaneously seeks estimates of both x as well as the motion
vectors sk that maximize their posteriori distributions.

In recent years, a new class of SR algorithms has emerged
based upon the sparsity on natural imagery and machine learn-
ing techniques that use a dictionary approach to map between
aliased, low-resolution imagery and the corresponding high-
resolution imagery [26]. One advantage of these techniques
is that they do not require multiple images.

C. Johnson Criteria for Detection and Classification

Given the large variety of potential classification tasks, it would
appear particularly difficult to establish a general and quanti-
tative metric for the degree of “image sharpness” required to
perform each task. That is, for example, should the task of clas-
sifying an aircraft be examined separately from that of classify-
ing a human face or classifying a land vehicle? Fortunately, the
1958 work by Johnson [10,25,27] found empirically that, in
fact, the resolution requirements for a very general class of
object detection and classification tasks could be directly tied
to the “detectability” of a minimum critical spatial frequency
within the image.

Johnson broke the problem into three discrete tasks of in-
creasing difficulty. The first task is detection, which corre-
sponds to the observer’s ability to determine that something
of interest is present within the scene. The second task is rec-
ognition, which corresponds to the observer’s ability to deter-
mine the type of object, e.g., separate a person from a vehicle, a
vehicle from an aircraft, etc. The third task is classification,
which corresponds to the observer’s ability to select the object
from a class of related objects, e.g., a specific human face, a
Cesna-172 versus a Beechcraft, etc. Johnson expressed the as-
sociated minimum critical frequencies in terms of detecting line
pairs (lp), as presented in a calibration bar target such as that
discussed in Subsection 2.D and Fig. 8, across the object. The
general requirement is 1.0, 4.0, and 6.4 lp for the three tasks,
respectively. These thresholds were derived by grading the per-
formance of human subjects attempting to perform the tasks
using images of models of typical objects, noting where they
achieved a 50% probability of success, and comparing that re-
sult to the maximum density of line pairs they could resolve
with equivalent accuracy on a bar target of equivalent contrast
[10]. The concept is exemplified in Fig. 5 for a Cesna-172 air-
craft. Given a required range, R, at which to perform the task,
we convert the Johnson criteria into a critical spatial frequency
requirement for the camera as

ωc �
�#lp�R
d c

; (23)

where d c is the critical dimension of the object, #lp is the num-
ber of line pairs required to perform the task, and ωc is the
resulting critical spatial frequency.

There are multiple ways of determining the critical dimen-
sion [11]; the most conservative is to select the minimum
dimension across the object. The critical dimension of the
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Cesna-172 is 4.75 m; so, for the example scenario of Fig. 5, at a
range of 3 km a camera would have to be able to detect spatial
frequencies of 0.63, 2.5, and 4.0 cycles∕mrad, respectively, for
the tasks of detection, recognition, and classification of the
aircraft. Therefore, if an imaging system (camera plus signal
conditioning and display) would allow an operator to discern,
with high probability, line pairs of density 0.63, 2.5, and
4.0 cycles∕mrad on a bar target, they would be able to perform
the detection, recognition, and classification of aircraft of sim-
ilar dimension to a Cesna-172 with equivalently high probabil-
ity. This same procedure may be used to determine critical
frequency requirements for other related tasks, such as face
recognition at a distance, etc. Figure 6 shows an example of
the Johnson criteria applied to the three tasks for the case of
a human face from the Yale B face database [28–31].

As an additional example, [28] shows that probability of cor-
rect face classification falls below 50% when there are fewer
than 12 pixels between the eyes (the inner pupil distance).
This is quite consistent with the Johnson criteria prediction
that 50% classification probability should require the ability
to resolve 6.4 line pairs (12.8 pixels) across the critical
dimension.

Over the years, the basic Johnson criteria has been super-
seded by more sophisticated models [10]; however, it still re-
mains as a simple and useful rule-of-thumb for approximating
camera requirements. Also, the two underlying principles, first,
that the ability of an observer to perform a complex object de-
tection and classification task is directly tied to the sensor’s abil-
ity to resolve high spatial frequencies and, second, that this
resolving power may be evaluated in a subject independent
way using calibration bar targets, have remained standard. In

the remainder of the paper, we will capitalize on these principles
as we derive a subject independent metric for evaluating the
success of SR algorithms. In a typical engineering proposal
or project, fundamental decisions, such as camera pixel density,
must often be made up front prior to detailed development
specific to the problem domain. At this point in the design
process, there will likely be many alternative concepts (some
which may involve SR and some which do not) that must
be quickly pruned based on feasibility and risk. In order to sup-
port this, simple results such as the Johnson criteria, although
imperfect and not tailored to the specific problem domain,
provide a method to trade off different camera options early
in the development process.

An alternate perspective on the basis of the Johnson criteria
is to consider a classification problem in a different orthogonal
frequency basis than the standard Fourier basis. To illustrate,
consider the common principle component analysis (PCA) ap-
proach to object classification. Each observation is decomposed
into its projections onto a set of orthogonal eigenvectors. Just as
a Fourier transform decomposes an observation into its projec-
tions upon the orthogonal basis set of sinusoids, the eigenvec-
tors from PCA allow us to represent the observation in an
alternate, more task specific projection. The first 36 eigenvec-
tors (also called eigenfaces) from the Yale B face dataset [28,29]
are shown in Fig. 7. The use of eigenface projection for face
classification is described in [31].

Figure 7 also shows the effect of the camera’s optical MTF
on the individual eigenfaces. The filter gain for eigenface k,
shown in Fig. 7, is given by the relative magnitude of the image
of the eigenface after being subjected to the optical blur, i.e.,
‖Hek‖2∕‖ek‖2, where H is the optical blur matrix and ek is

Fig. 5. Example of line pairs across an object.

Fig. 6. Example of the Johnson criteria applied to detection, recog-
nition, and classification of a human face [29].

Fig. 7. Alternate frequency perspective. Eigenfaces (top). Camera’s
blur expressed as attenuation of each orthogonal eigenface (bottom).
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the image of eigenface k represented as a vector. As expected,
the larger number index eigenfaces are attenuated more
significantly by the blur, reinforcing the intuition that the
higher-indexed eigenfaces represent higher spatial frequencies.
Note, however, that the broadband noise of the camera will be
constant across frequencies. Therefore, the higher-frequency
eigenfaces will possess a lower SNR and, consequently, be
less useful for identification as they are washed out by noise.
The camera resolution, therefore, limits the number of eigen-
face projections that can be reliably applied toward the classi-
fication task. As the probability of successful classification
depends upon the number of eigenface projections used, the
spatial resolution of the camera directly impacts the task
performance.

Additionally, the limited pixel density of the camera can
cause aliasing of the higher-index eigenfaces, leading to corrup-
tion of the projections onto the lower-index eigenfaces. Unlike
in the Fourier domain, it is not possible to specify a simple,
specific eigenface index cutoff, above which aliasing will occur
and below which it will not. Instead, the degree of aliasing will
increase with higher eigenface indices. This aliasing will further
degrade any classification task performance.

Finally, the alternate eigenface frequency perspective allows
us to make an observation regarding deblurring. If we receive a
blurred image of a face, y�x; y� � n�x; y� [where n�x; y� is
noise], we can represent it in the frequency domain as Y �m� �
N �m� (where m is the eigenface index). Using the standard
method, we then recover the unblurred image spectrum Z �m�
and, consequently, the unblurred image z�x; y� as

Z �m� � R�m��Y �m� � N �m��; (24)

where R�m� is the recovery kernel which may be found either
by direct inversion of the optical blur from Fig. 7, through use
of a Wiener filter, or adapted from the image itself using one of
several “blind deconvolution” methods such as in [8]. In any
case, the prerecovered SNR of each eigenface is Y �m�∕N �m�.
After applying the blur recovery of Eq. (24), the SNR will be
R�m�Y �m�∕R�m�N �m� � Y �m�∕N �m�. In other words, even
though deblurring produces a perceived improvement in image
quality and sharpness, the SNR of each eigenface, and, hence,
its utility for classification purposes, is not enhanced by deblur-
ring. It will, however, show up as an improvement to a metric
such as PSNR.

D. Quantifying Camera Resolution

Once a critical spatial frequency, ωc , requirement is established
for a specific task, the Johnson criteria, as mentioned in the
preceding section, states that the camera’s ability to perform
the task may be reduced to the simpler surrogate problem
of detecting line pairs in a standard chart, such as the USAF
1951 resolution chart shown in Fig. 8. The resolution chart
contains blocks of line pairs of decreasing size (corresponding
to higher spatial frequencies). The resolution limit of the
camera is defined as the smallest block for which it cannot
resolve the individual lines [13].

With modern digital cameras, it is a common misconcep-
tion that the spatial resolution is a function only of the camera’s
pixel sampling density. In truth, the digital camera’s capability is

determined by three dominant factors: pixel density, presample
MTF, and noise.

During the time Johnson published his results, the resolu-
tion of the camera would have been considered a function of
the camera hardware (optics and electronics). For modern dig-
ital imaging systems, the final resolution, and, thus, the task
performance capability, is the result of both the hardware
and any associated signal processing, such as SR.

Resolution charts, such as those shown in Fig. 8, cannot
only be used to quantify the maximum detectable frequency
of the camera, but also directly measure the MTF [32,33].
These methods will be utilized in Section 5 to directly charac-
terize a real visual camera.

3. MEASURING SR TASK EFFECTIVENESS

A. Automatic Measurement of Resolution from
Bar Targets

The original work by Johnson was performed with the idea of a
human observer. This introduces complicating factors beyond
the quality of the camera itself to include quality and magni-
fication of the display device, MTF of the human eye, etc. [10].
In this section, we simplify the determination of camera reso-
lution to include only the capabilities of the camera by casting it
into an equivalent problem of machine detection of the critical
frequency in a resolution bar chart.

The automatic detection of the frequency of a bar target is
accomplished by identifying the peak of the Fourier spectrum
of the bar image received by the camera. This concept is illus-
trated in Figs. 9 and 10. Figure 9 shows a simulated scene of a
2 line pair (lp)/mrad bar target and its corresponding frequency
spectrum. Because it is a bar target, there are spikes in the fre-
quency spectrum at the base frequency as well as at all odd har-
monics. Note, again, because the scene, s�x; y� in Eq. (1), is in
analog space, the units of the image are inmilliradians. Figure 10
shows the simulated blurred and sampled version of the scene
using the parameters of the 640 × 480 pixel density Tau-640
LWIR camera previously introduced in Subsection 2.B.

As expected, because the first frequency mode of the bar
target, at 2 cycles/mrad, is below the sampling cutoff of
ωmax � 2.9 cycles∕mrad, there is no problem distinguishing
the corresponding 2 cycles/mrad peak in the discrete Fourier
spectrum (bottom of Fig. 10). By identifying the peak in
the discrete Fourier spectrum of the sampled image, a computer

Fig. 8. USAF 1951 resolution bar chart [13].
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is able to generate a measurement of the frequency of the bar
target. A “correct” measurement is one that matches the true
frequency of the bar target. The probability of the computer
measuring the correct frequency of the bar target, Pm, is a
function of the camera’s frequency response as well as the image
SNR. The resolution of the camera, for a given SNR, is then
the maximum bar target frequency for which the probability of
making a correct measurement is above a threshold.

As a practical consideration, due to the fact that the discrete
Fourier transform (DFT) only exists at discrete frequencies, it is
necessary to define an acceptance band when determining if the
peak in the image’s DFT matches the known bar target fre-
quency. Throughout this paper, we utilize an acceptance band
of 0.25 cycles/mrad. This effect may be seen in Fig. 10 where
the peak frequency is not exactly at 2.0 cycles/mrad.

Figures 11 and 12 show the scene and image of a simulated
4 lp/mrad bar target. As the first frequency mode of 4 cycles/
mrad is above ωmax, it is aliased to approximately 2 cycles/mrad
per Eq. (11). Therefore, in this case, the computer would
make an incorrect measurement of the true frequency of the
bar target. In fact, because the discrete frequency spectrum
is limited to ωmax, by definition, Pm�ωbar > ωmax� � 0 for
any SNR.

B. Using Bar Target Measurement Probability as a
Metric for Superresolution

The problem with measuring the 4 lp/mrad bar target, dis-
cussed in the last section, would be resolved if we had a camera
that was optically identical to the Tau-640 but had 2× the
pixel density, i.e., 1280 × 960 versus 640 × 480. The sampled
image and associated discrete spectrum of such a virtual-1280
camera are shown in Fig. 13. As expected, because ωmax �
4.8 cycles∕mrad for the virtual-1280 camera, a computer
would have a nonzero probability of measuring the correct fre-
quency of the 4 lp/mrad bar target (still dependent upon SNR).

Alternately, we should be able to get a similar increase in
performance by increasing the pixel density of the base camera
using an effective SR algorithm.

Put back into general terms, an SR algorithm attempts to
increase the pixel sampling density of a base M ×N camera
to that of a kM × kN camera (k is some integer). The effective-
ness of the SR algorithm is determined by its ability to increase
the measurement probability of bar targets, Pm�ωbar; SNR�,
from that of the base camera to that of a virtual kM × kN cam-
era. We claim this metric is more relevant than traditional met-
rics, such as PSNR, for evaluating SR algorithm performance.
Also, experimental measurement of the Pm�ωbar; SNR� metric
is straightforward in that it does not require knowledge of the

Fig. 10. Simulated, sampled image (top) for 2 lp/mrad bar target
and its discrete frequency spectrum (bottom) for the Tau-640 camera.

Fig. 9. Simulated, external scene image (top) and its frequency
spectrum (bottom) for 2 lp/mrad bar target.
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“ground truth” of the scene. It only requires the presence of a
calibrated bar target chart in the scene.

4. SR RESULTS FOR THE SIMULATED TAU-640

In order to evaluate the proposed task-based metric for SR al-
gorithms introduced in the previous section, we begin testing
using simulated resolution bar targets along with simulations of
the Tau-640 LWIR camera. We will simulate imaging bar
targets of spatial frequency 1, 2, 3, and 4 lp/mrad at varying
SNR levels and compare Pm�ωbar; SNR� of the superresolved
imagery to that of both the base camera as well as the virtual-
1280 camera discussed in Subsection 2.B. For comparison, we
utilize four spatial, superresolution techniques which are avail-
able on-line and run within a Matlab environment [34]. The
first, used as a control, is simple bicubic upsampling. The bi-
cubic upsampling utilizes only a single LR image as input. The
remaining three techniques all use a Bayesian approach with
different image prior models. The three priors were the total
variation (TV) prior [17], the simultaneous autoregression
(SAR) prior [18], and the L1-norm prior [18]. In all of these
trials, we are attempting to superresolve the image by a factor of

2×, i.e., increase from a pixel density of 640 × 480 to a pixel
density of 1280 × 960. In order to do so, the SR algorithms
are provided with two input images, shifted horizontally by half
of the base camera’s IFOV (half a pixel).

A. Evaluation (Noise-Free Case)

Figure 14 shows, for the noise-free case, the 2× superresolved
image and discrete spectrum for the simulated 4 lp/mrad bar
target shown in Fig. 12. The evaluation is carried out for each
of the four SR techniques listed above using two images with a
relative horizontal shift of half a pixel. The resulting superre-
solved images and their corresponding discrete frequency spec-
tra are shown in Fig. 14. All three SR algorithms were able to
unroll the aliased 4 cycles/mrad frequency component such that
a computer could measure it, whereas the bicubic algorithm was

Fig. 11. Simulated, external scene image (top) and its frequency
spectrum (bottom) for 4 lp/mrad bar target.

Fig. 12. Simulated, sampled image (top) for 4 lp/mrad bar target
and its discrete frequency spectrum (bottom) for the Tau-640 camera.
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not. The bicubic algorithm still shows the dominant peak at the
aliased 2 cycles/mrad frequency as does the base camera.

In general, multiple parameters can affect the performance
of the SR algorithms. These include the total number of input
video frames, the translational/rotational shift between frames,
as well as the selection of various control constants contained
within the algorithm implementations. In order to reduce the
number of variations and focus on the utility of the Pm metric,
we have chosen to uniformly run each SR algorithm in the sim-
plest possible manner. Based on the results of Fig. 14, two input
frames are sufficient to enable each algorithm to achieve its SR
capability in the horizontal direction. Consequently, in this
work we will show all SR results using two input frames, a
best-case 0.5 pixel translational shift, no rotational shift, and
the default constants as contained in the released implementa-
tion of the algorithm. We also did not enable the simultaneous
SR and blur removal option for these algorithms.

Relating the observation back to the Johnson criteria dis-
cussed in Subsection 2.C, the results of Fig. 14 mean that in-
creased pixel density imagery resulting from the three SR
algorithms would enable a task with a critical frequency, ωc ,

of 4 cycles/mrad while the bicubic algorithm would not.
Therefore, at least in the noise-free case, an engineer would
be able to specify a less expensive 640 × 480 camera plus
one of the three tested SR algorithms to perform a task for
which the initial requirement flow downs would have man-
dated a more expensive, higher pixel density camera.

The corresponding PSNR values for this test were
bicubic� 16.8 dB, TV prior� 18.3 dB, L1 prior� 18.5 dB,
SAR prior � 18.0 dB. From the PSNR numbers, although
slightly less, it is not clear that the bicubic algorithm is funda-
mentally ineffective, whereas the other three SR algorithms are
effective. PSNR, for these cases, is defined as

PSNR � 20 log10
max�ref �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

MSE�ref ; img�p ; (25a)

and

MSE�ref ; img� � 1

MN

XM−1

u�0

XN−1

v�0

�ref �u; v� − img�u; v��2;

(25b)

where ref and img refer to the reference and superresolved
images, respectively. For evaluation, the reference image is the
output of the virtual-1280 camera, shown in Fig. 15. The
evaluation is also only performed within the region of interest
(ROI) shown in the figure. Prior to comparison, the superre-
solved image is scaled to have the same maximum pixel value as
the reference in order to eliminate any scaling changes that
occurred during the SR process.

It is, of course, noteworthy that the SR images shown in
Fig. 14 are not as visually pristine as the virtual-1280 camera
image as shown in Figs. 13 and 15 (again, the goal of the SR
algorithms is to emulate the virtual-1280 camera). Part of this
difference is attributed to the simplified method we used to run
the algorithms as described at the beginning of Subsection 4.A.
We would be able to further improve the visual quality of the
intensity images in Fig. 14 by any or a combination of the fol-
lowing: using greater than 2 LR frames with vertical as well as
horizontal shifts, enabling the SR algorithm’s option to simulta-
neously remove blur, and/or applying standard non-SR image
enhancement techniques, such as local contrast improvement
and edge sharpening [1]. However, even without these enhance-
ments, frequency analysis of the image output from the algo-
rithm showed that it was sufficient to achieve the objective of
exposing the high-frequency content in the horizontal direction.

B. Introduction of Noise

Without consideration of camera noise, the results of the last
section would suggest that use of the three tested SR algorithms
is indeed equivalent to physically increasing the pixel density of
the camera. However, we must also evaluate how the SR algo-
rithms perform relative to the virtual camera over SNR.

Due to the iterative nature of the SR algorithms, we do not
attempt to generate a theoretical derivation of the noise propa-
gation during the estimation process but rather employ a
Monte Carlo approach. Using a total of 32 runs for each point
in a discrete set of �ωbar; SNR� combinations, we are able to
measure Pm�ωbar; SNR�. Assuming that the primary contribu-
tor to noise in the camera is in the pixel readout electronics as

Fig. 13. Simulated, sampled image (top) for 4 lp/mrad bar target
and its discrete frequency spectrum (bottom) for the Vittual-1280
camera.
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Fig. 14. Noise-free evaluation of SR algorithms on simulated 4 lp/mrad bar target. From top to bottom, the SR techniques are bicubic, TV prior,
L1 prior, and SAR prior.
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well as photon shot noise (which is proportional to the mean
signal level [35]), we model it as broadband Gaussian with con-
stant amplitude across the spectrum. For each trial, the SNR
defines the 1-sigma value for a Gaussian noise distribution
relative to the peak amplitude of the image spectrum. For the
cyclic bar target images, the peak amplitude will occur at ω � 0
and be equal to P∕2 where P is the peak pixel value of the
image relative to the background. The SNR is related to the
pixel noise by

SNR � P
σpix

ffiffiffiffiffi
N

p

2
; (26)

where σpix is the 1-sigma noise level of each pixel in the image
and N is the total number of pixels used to compute the
Fourier transform. Equation (26) accounts for the fact that
the Fourier transform operation averages out noise. If the evalu-
ation is performed over a fixed spatial rectangle of angular
dimension θx × θy, then

N � θxθy
ifov2

: (27)

In our mechanization of adding noise, we use Eqs. (26) and
(27) to compute the value of σpix. Then, after generating the
noise-free LR images as in Subsection 4.A, we add a Gaussian
pseudorandom value based on a distribution with standard
deviation equal to σpix to each individual pixel.

Note, the P∕2 term in Eq. (26) applies only to the special
case of bar targets. In order to get the equivalent SNR for a
general 2D object, the calculation must be revised to

SNR � �Ī fore − Ī bkg�
ffiffiffiffiffi
N

p

σpix
; (28)

where Ī fore and Ībkg represent the mean foreground and local
background intensities of the object, respectively.

For comparison, we include the performance of the base-
640 camera, the virtual-1280 camera, the base camera

upsampled with the bicubic method, and the base camera en-
hanced with the three SR methods (TV prior, L1 prior, and
SAR prior). For the 1 lp/mrad and 2 lp/mrad bar targets, all
cases provide a Pm � 100% for SNR values as low as 1.5. This
trivial result illustrates that the SR algorithms adhere to the
important property that they, in no cases, degrade the original
base camera image. That is, Pm�ωbar; SNR� after superresolving
should always be greater than or equal to Pm�ωbar; SNR� for the
base camera.

The results for the 3 lp/mrad and 4 lp/mrad cases are shown
in Fig. 16. For the 3 lp/mrad case, which is just slightly above
ωmax � 2.9 cycles∕mrad of the base camera, the virtual-1280
camera is able to provide Pm � 100% for SNR values as low
as 1.5. The base camera, however, gradually loses performance
below an SNR of 4.5. The SR enhancements largely follow
the same trend as the base camera with the algorithm using
the SAR prior being the only one to consistently outper-
form the base camera. The bicubic upsampling clearly degrades
the frequency information as it is unable to reliably measure the
3 lp/mrad frequency even with SNR as high as 10.

For the 4 lp/mrad case, which is well above the ωmax �
2.9 cycles∕mrad of the base camera, the base camera perfor-
mance is, by definition, Pm � 0% because the critical frequency
is beyond the spectrum of the discrete Fourier transform.
Similarly, Pm � 0% for the bicubic upsampling method as it
does not unroll any of the aliased frequencies. The virtual-
1280 camera achievesPm � 100% at an SNRof 5.5 and beyond
but its performance rolls off below that. The three SR algorithms
are relatively consistent in their performance and achieve aPm �
100% at an SNR of 8.5 and greater. As expected, across the
board, the SR algorithmic performance is less than or equal
to that of the virtual-1280 camera they are trying to replicate.
Put another way, the cost of using SR to make an M ×N pixel
density camera take the place of a kM × kN pixel resolution cam-
era, provided the optical blur characteristics are adequate, is that
a higher SNR is required. For thermal imagers, this would typ-
ically correspond to a larger required temperature differential be-
tween the object and background. For a visible camera, it would
typically correspond to brighter required lighting conditions.

Note that in the top pane of Fig. 16, both the base camera as
well as the bicubic algorithm have some performance success
for the ωbar � 3 lp∕mrad case when the sample frequency
even though ωmax � 2.9 cycles∕mrad. This is due to the
0.25 cycle/mrad acceptance band used in the determination
of Pm as described in Subsection 3.A. The band is wide enough
that the slightly aliased 3 lp/mrad input frequency is still within
the acceptance band.

Comparing the result of Fig. 16 to the predictions of Fig. 4,
for the case of δ � 0.50 IFOV as used in the simulated experi-
ments, the prediction is a conservative estimate of the achieved
performance. For instance, the ωbar � 4.0 cycles∕mrad case
corresponds to ωbar∕ωs � 0.69 for which, per Fig. 4, should
create an SNR loss of ∼0.9. This would suggest an SR-en-
hanced image would require ∼11% greater SNR to achieve
the same performance as the virtual high-resolution camera.
In Fig. 16, the virtual camera achieves a Pm of 90% at an SNR
of ∼15, whereas the SR algorithms achieve a Pm of 90% for
SNR values between ∼30 and 35. The lower performance

Fig. 15. Reference image and ROI (dotted box) used for PSNR
calculation. Virtual-1280 Image of 4 lp / milliradian bar target.
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of the actual reconstruction is attributed to the combination of
additional error distribution in the estimate of the image
shift as well as high-frequency smoothing resulting from the
regularization.

As a final point, Fig. 17 shows the performance of the SR
algorithms, for the 4 lp/mrad case only, from a PSNR perspec-
tive. PSNR is defined as in Eq. (25) and the graph shows the
average PSNR over the 32 trials in the Monte Carlo experiment
described above. As noted in Fig. 16, the bicubic algorithm is
completely unable to unroll the aliased 4 lp/mrad frequency
component. Yet, it consistently shows up as providing the high-
est SNR. This is because, as mentioned earlier, PSNR is a better
measure of deblurring and denoising than true resolution
enhancement. Even though the bicubic algorithm does not
explicitly perform deblurring and denoising, as with any inter-
polation-based method, it intrinsically has a smoothing effect
on the signal and, thereby, reduces noise.

C. Generalization of Results

To generalize the results of this section, we show the results of
the Monte Carlo in terms of a nondimensional spatial fre-
quency and camera blur. The nondimensional spatial frequency
is expressed as the ratio ω∕ωmax, where ωmax corresponds to
the base, low-resolution camera. Spatial frequencies where
ω∕ωmax > 1 correspond to those that are undetectable by
the base camera due to aliasing, which we expect to recover
via an SR algorithm. For the case where we are using SR
to double the pixel density, ideal SR performance would,
therefore, correspond to recovering spatial frequencies up to
ω∕ωmax � 2.

In order to provide a nondimensional measure of camera
blur, we utilize the concept of “ensquared energy” (ESE), which
is a fairly commonly used metric for infrared systems due to the
fact that it provides a comprehensive measure of the optical
performance of an imaging system based on a single value, as
well as its ease of empirical measurement on a test station
[36,37]. Reference Fig. 18, the ESE of an optical system is de-
fined as the percentage of the energy of the psf received by a
single pixel at the phasing that provides the maximum. The
ESE is applicable for any blur function. To simplify the analy-
sis, we again assume, as in Subsection 2.A, a Gaussian blur. In
that case, the full MTF is related to the ESE by

H �ωx ;ωy� � exp�−2π2σ2�ω2
x � ω2

y ��

σ �
ffiffiffi
2

p IFOV

4erf −1� ffiffiffiffiffiffiffiffi
ESE

p � ; (29)

where erf −1�x� represents the inverse of the Gaussian error
function given by erf �x� � 2ffiffi

π
p

R
x
0 e

−t2dt. For reference, the dif-
fraction-limited Tau-640 LWIR camera simulated in this

Fig. 16. Probability of correct measurement (Pm) results for 3 lp/
mrad (top) and 4 lp/mrad (bottom) bar targets.

Fig. 17. PSNR for the 4 lp/mrad recovery.
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section has an ESE of ∼65%. A high ESE value for a camera
suggests that the camera is undersampled relative to the blur
and, therefore, amenable to SR enhancement.

Using these definitions, we can use the Monte Carlo method
to generate the Pm�ωbar; SNR� metric for the variational
Bayesian SR algorithm with TV prior over a range of ESE val-
ues (20% to 90%). The test was only performed for the TV
prior given the similarity of performance of the various algo-
rithms in Fig. 16. The results of this multidimensional analysis
are shown in Fig. 19 with the SNR on the y-axis and ω∕ωmax

on the x-axis. There is one curve for each value of ESE. The
interpretation of each curve is that it shows the minimum
spectral SNR required to resolve each ω∕ωmax spatial frequency
with probability Pm � 50% (top graph) and Pm � 90%
(bottom graph).

As expected, even at high SNR, a camera with poor focus
(ESE < 50%) is unable to be practically superresolved. As the
ESE increases, with sufficient SNR, the algorithm gradually ap-
proaches the ideal capability of recovering ω∕ωmax near 2. As
shown in back in Fig. 4, the SR algorithm will never be able to
actually recover ω∕ωmax � 2 because this frequency is extin-
guished by the pixel integration response predicted by Eq. (15).

Figure 19 provides a very general prediction of the capability
limits of using SR in an application. In a typical vision task, the
critical frequency (see Subsection 2.C), the signal level, the pro-
posed camera sensitivity, and the proposed camera ESE are all
known and, therefore, Fig. 19 may be used to assess the fea-
sibility of the solution. Or, if camera design parameters have
not yet been determined, Fig. 19 may be used to derive the
requirements for the sensitivity and/or ESE of the camera.

5. RESULTS FOR INEXPENSIVE VISUAL
CAMERA

In order to reinforce our claims, we complement the simulated
imagery used in Section 4 with actual camera imagery. The
camera used is the Samsung Galaxy 5 smartphone. This device
falls into a class of inexpensive, visible-band imaging devices.
For the experiments, we created a resolution bar target closely
mimicking that of the simulations of Section 4. The target
is shown in Fig. 20. When printed on a standard legal

21.6 × 27.9 cm (8.5 × 11 in:) paper, the rows correspond to
spatial frequencies of 39.4 lp/m, 78.7 lp/m, and 196.9 lp/m.
When viewed by the camera at varying ranges, these produce a
variety of sample frequencies, ωbar, in terms of lp/mrad. The
single black bar at the bottom allows us to measure the low-
frequency depth of modulation as well as the camera noise.
It also allows us to coarsely register multiple images prior to
running the SR algorithms.

The printout of Fig. 20 was imaged by the camera, in out-
side, daytime lighting conditions, at ranges of 5.4, 9.0, 12.0,
and 17.4 m. This produced 12 samples of the bar targets with
spatial frequencies ranging from 0.2 lp/mrad to 3.4 lp/mrad.

Fig. 18. Illustration of “ensquared energy” definition.

Fig. 19. Nondimensionalized probability of measurement results
from variational Bayesian SR with TV prior.
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Four representative samples are shown in Fig. 21. The mea-
sured pixel level SNR for these outdoor images is ∼30 with
a measured IFOV of 0.23 mrad. We evaluate the Fourier spec-
trum using an approximately 27.5 mrad × 3.5 mrad rectangle
which, per Eq. (26), results in a very high spectral SNR
of ∼640.

A. Characterization of MTF

Using the methods of [32,33], we are able to make a measure-
ment of the camera’s IFOV as well as MTF. The IFOV is
measured based on the number of spanning a known
angle in the image. It is measured at 0.23 mrad. This produces

ωs � 4.35 cycles∕mrad and ωmax � 2.17 cycles∕mrad using
the definitions of Section 2. From the 10 bar target images
available with frequencies less than ωmax, we are able to measure
the contrast transfer function (CTF) at varying frequencies.
There are techniques that attempt to use SR to measure
MTF of a camera even at frequencies above ωmax [38].
However, we do not include these methods as they might com-
plicate this study.

The reason we directly measure CTF as opposed to MTF is
that the measurements are being made on bar targets as
opposed to perfect sinusoids. The relationship between the
two is given by [33] as

CTF�ω� � 4

π

�
MTF�ω� − 1

3
MTF�3ω� � 1

5
MTF�5ω� −…

�
:

(30)

From the Eq. (1), we expect the MTF to take the functional
form

MTF�ω� � H �ω�sinc�ω∕ωs�: (31)

We get a good fit to the measurements with H �ω� taking the
functional form

H �ω� � exp�−2π2q2ω2 − 2πrω�; (32)

with q � 0.023 mrad and r � 0.067 mrad. The blur function
corresponds to an ESE for the camera of ∼30%. The best fit
blur function is not a pure Gaussian. Among other factors, one
characteristic of the Samsung Galaxy camera output is that it is
subject to JPEG compression, which affects the effective blur.
Image compression represents a nonlinear and spatially varying
transformation to the image, which can be estimated and
enhanced simultaneously in an SR approach where the image
degradation due to compression is built into the model as
in [38]. Such an augmented model is not used in the current
study.

The individual CTF measurements, the CTF fit, and the
H �ω� fit are shown in Fig. 22.

As a consequence of Fig. 22, we expect frequencies below
ωmax � 2.17 cycles∕mrad to pass through to the digital image,
whereas frequencies from ωmax to just over 3 cycles/mrad will
be both attenuated and aliased. Frequencies much above
3 cycles/mrad will be significantly attenuated. This is illustrated
in Fig. 23, which shows the frequency response of the base
camera for ωbar � 0.94, 2.36, and 3.42 lp/mrad bar targets.
The ωbar � 2.36 first peak is noticeably aliased to ωs − ωbar �
2.0 cycles∕mrad [per Eq. (11)]. Although greatly attenuated,
the ωbar � 3.42 cycles∕mrad first peak also shows up as
a maximum on the frequency response at ωs − ωbar �
0.9 cycles∕mrad.

B. Evaluation of SR Algorithms

In Figs. 24 and 25, we show the resulting images and spectra of
the SR algorithm with SAR prior on the stressing 2.36 and
3.24 lp/mrad bar targets. As we could not precisely control
the subpixel phasing for the real camera samples, we utilized
a total of four LR images with effectively random, horizontal
translational shifts achieved through small rotations of the cam-
era. Both of these represent cases where ωbar > ωmax. The re-
sults are nearly identical for the SR algorithms with TV prior

Fig. 20. Resolution bar target used for real, visible band camera ex-
periments.

Fig. 21. Samples of bar target images at various spatial frequencies
from the Samsung Galaxy 5 camera.
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and L1 prior. In order to corroborate the result with simulation,
we use the MTF curve in Fig. 22 and Eq. (1) to generate sim-
ulations of the bar targets with SNR � 640 and run the simu-
lated images through the SR algorithms. The simulations agree
with the actual results in Fig. 25. For clarity, the vertical axis
of the spectrum plots in Fig. 25 are clipped to 10−3. The SR

algorithms perform well in the 2.36 lp/mrad case, due to the
fact that the camera optics have sufficient response, but do not
perform well in the 3.42 lp/mrad case. The result is also con-
sistent with the predictions for a 30% ESE camera, even at high
SNR, from Fig. 19.

Unlike for the simulated experiment in Section 4, for the
real experiment, we did not create a Pm�ωbar; SNR� plot.
This plot could be generated for real data. It would require re-
peating the experiment a statistically significant number of
times. During the experiment, SNR could be varied either
by changing the ambient lighting conditions or by using multi-
ple targets with different contrast between the black and white
bars. Also, as noted above, simulations of the process using the
estimated camera MTF and SNR agreed with the results for the
real data. Consequently, an alternate method for the generation

Fig. 23. Frequency spectrums for images of 0.94 lp/mrad (top),
2.36 lp/mrad (middle), and 3.42 lp/mrad (bottom) bar targets.
Aliasing is apparent for both the 2.36 lp/mrad (middle) and
3.42 lp/mrad (bottom) targets.

Fig. 24. SR with SAR prior recovered images of 2.4 lp/mrad (top)
and 3.4 lp/mrad (bottom) bar targets.

Fig. 25. SR with SAR prior frequency spectrum of recovered
2.4 lp/mrad (top) and 3.4 lp/mrad (bottom) bar targets.

Fig. 22. Measured and fit CTF for the Samsung Galaxy 5 in-
expensive visual camera.
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of the Pm�ωbar; SNR� plots is to use simulation over SNR based
on the camera parameters and then corroborate the results with
real measurements based on availability.

6. CONCLUSION AND FUTURE WORK

In this paper, we have first reinforced the importance of con-
sidering both optics and pixel integration effects of a camera
when generating an expectation of the success of applying a
superresolution algorithm to make a nativeM ×N pixel density
camera act like a kM × kN pixel density camera. If the higher
spatial frequencies that the SR algorithm needs to recover are
attenuated to the extent that they are buried within the camera’s
noise, then no candidate SR algorithm will be able to recover
them. Second, we showed, both analytically and via Monte
Carlo simulation, that the principle penalty of an SR approach
is an effective reduction in the camera’s MTF such that it will
require a higher scene SNR in order for the superresolved lower
pixel density camera to perform as well as a true higher pixel
density system. Third, we illustrated that performance metrics
based on either perceived image quality or even quantitatively
on PSNR can produce potentially misleading results as they
simultaneously credit image enhancements such as deblurring
or denoising, which do improve the perceptual quality of the
imagery but do not recover aliased frequencies. Instead, we pro-
posed the probability of correctly measuring a spatial frequency
ωbar contained within the external scene with SNR,
Pm�ωbar; SNR�, as a metric to properly establish the capability
of an SR algorithm. Additionally, based on the historic Johnson
criteria for detection and classification, we claimed that it is
sufficient to establish this metric using, exclusively, either real
or simulated images of resolution bar targets. That is, we can
use this general metric for an initial assessment of the effective-
ness of SR algorithms for any specific detection and classifica-
tion problem domain, e.g., remote face recognition, remote
text recognition, etc. The effectiveness of an SR algorithm
on a given camera is then assessed by comparing achieved
Pm�ωbar; SNR� between the base M ×N pixel density camera,
the base camera superresolved to an equivalent kM × kN pixel
density, and a virtual camera with identical optics as the base
camera but with a true kM × kN pixel density. Finally, using the
new metric, we generated a set of general design curves that
may be used to derive requirements for sensitivity and or
MTF of cameras that are going to be supplemented with SR.

The Pm�ωbar; SNR�metric is flexible in the sense that it can
be evaluated through Monte Carlo simulations of a camera or
on real camera data. In both cases, as presented in the current
work, both the simulated and real scene must contain a cali-
brated resolution bar target. An extension of this work could
attempt to alleviate this requirement, particularly in the case
of simulation-based evaluation, by permitting evaluation on
an arbitrary scene. In addition, from here the authors propose
to further the results of this paper with additional empirical
video data collected by cameras operating in a variety of wave-
lengths ranging from visible to long-wave infrared and evaluate
with both traditional motion-based SR as well as dictionary
approaches. As stated in Section 2, practical considerations
in the construction of infrared cameras are expected to make

them better candidates for SR enhancement than visible-band
cameras.
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