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Abstract

We discuss a formalism to characterize degraded edge images formed in a diffraction limited system (with circular pupil of unit radius)
under conditions of incoherent illumination. We introduce a novel definition of degraded edges and consider this approach to model a basic
optical mechanism involved in the perception of visual depth and edge detection. We introduce a degradation parameter to quantize the
degree of edge blur. We present a generalization of such a procedure by assuming the Heaviside function to be a systematic generator of
degraded edges. We reproduce experimentally the predictions made by the formalism proposed herein.q 1998 Elsevier Science B.V. All
rights reserved.
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1. Introduction

During the past 40 years, the mathematical framework for
edge representation has been extensively analyzed in differ-
ent branches of optics and related areas such as digital
image, signal processing, pattern recognition, robotic vision
and artificial intelligence [1,2]. The models were mainly
applied to the theory of edge detection, to characterize a
specific system by the edge spread function (ESF) or edge
trace [3], and for feature extraction and image enhancement
by applying an edge detection procedure. Specifically,
numerous algorithms have been proposed in digital image
processing for image quality improvement in a wide variety
of applications (image enhancement, edge and line location,
boundary definition, etc.). The majority of the existing algo-
rithms for detection and localization of details and their edges
rely substantially on the ideas of optimal linear filters [4].

In the theory of edge detection edges are defined as dis-
continuities in the image intensity due to changes in the
scene structure. These discontinuities originate from differ-
ent scene features. In digital image processing important
contributions have been made in the past decades to solve
this problem, especially by implementing edge localization
techniques. For example, Bergholm [5] has designed a pro-
cedure by applying a gradual focusing algorithm based on a
gaussian blurring operator.

A complex mechanism is required to explain the edge
signal processing by the visual system. The high demand
for edge imaging quality assessment has produced recently
several interesting contributions such as the ones from
Kayargadde and Martens [6–8] in which they relate the
human visual system for edge perception mechanism and
a computational model by defining a psychometric space to
characterize the computational images and a perceptual
space that characterizes the edge detection human perfor-
mance. A blur index estimation algorithm was developed by
introducing an intrinsic blur parameter of the visual system.
On the other hand, the experiments by Shapley and Tolhurst
[9] and Kulikowski and King-Smith [10] (among others)
suggest that there are edge detector mechanisms in the
human visual system with a rather uniform efficiency over
a wide range of spatial frequencies. Marr and Hildreth [11]
proposed a theory of early information processing in com-
plex visual systems, based on the detection of zero-crossing
points associated with any edge (binary output response)
and its second derivatives. They referred the zero-crossing
as the values in the convolution of the image intensity with a
mask formed by the application of a laplacian operator on a
two-dimensional gaussian distribution. The zero values
would correspond to the location of abrupt intensity changes
on the image and could be considered as indicators of edges.

In the context of optical image processing, the incoherent
(white illumination: absence of interference phenomena),
and coherent (light amplitude correlation: interferences
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background), hard edge imaging is a classical subject with
very well known results [12], that accounts for diffraction
and propagation phenomena as a consequence of the
Rayleigh’s limit application (light diffraction by the aper-
ture pupil of the system). One defines theESF, line spread
function (LSF) and modulation transfer function (MTF) as
well as theLSF/MTF reciprocal relationship introduced by
Marchand [13] for linear and invariant perfect systems hav-
ing rotational symmetry of revolution. Characterizing a sys-
tem by the ESF definition [14–16] is an alternative
procedure to the use of the point spread function (PSF).
To enhance the differences one argues that in anESFchar-
acterization Young’s theory applies while in thePSF, Huy-
gen’s theory is the basis.

Our intention in the present work is to introduce a general
procedure to represent systematically various types of
degraded edge-objects dealing with the real conditions for
an optical instrument to perform an output response, which
can be detected by the human visual system or by an experi-
mental set up. We describe a method to characterize the
edge degradation in an edge image processing system
(EIPS): a diffracted limited system having a circular pupil
of unit radius, without aberrations and under normal condi-
tions of illumination (incoherent: absence of interference
background noise). Assuming that a degrading process of
the edge-object takes place in the system, the present form-
alism proposes a judgment (edge image quality assessment)
of the image quality in terms of its contrast reduction or
edge quality degradation. Our main goal in this analysis is
to establish a mathematical formalism to represent real
edges through which one could account for the influence
of significant parameters. We consider in the present analysis
not only hard perfect edges at the input of the system, but also
non-symmetrical degraded ones, which have a specific degree
of blur or defocusing and a non-symmetrical shape. We con-
sider ‘degraded edges’ since in real systems, the object is not
necessarily symmetric or perfectly sharp: real images have
edges (or boundaries) with an amount of degradation or blur
that depends, for example, on its position of depth in the scene,
or may be on a degradation mechanism intrinsic to the edge-
object (for example, a degradation due to atmospheric agents
action or any other external agent degrading the edge quality).

The novelty proposed in this paper comes from the math-
ematical representation for edge degradation. Earlier con-
tributions on this subject [14,15] suppose a degrading
optical system that images a hard edge, that is, a system
characterized by a degrading impulse response (LSF or
PSF). Otherwise, we consider a perfect system (character-
ized by a perfectLSF or PSF), solely limited by diffraction
(being the first effect on degrading the image as considered
from Rayleigh’s limit) and assume that the input edge function
is affected by a degree of blur. Then, the performance of the
diffracted limited system at the output is analyzed. It is obvious
that real-life vision systems introduce blur (as observed in
earlier experiments [11]), but in order to study the edge blur,
we start up by considering theLSFof a perfect system.

In Section 2 we present a background on the analytical
formulation for perfect edge imaging and degraded edge
representation under incoherent illumination. Section 3 con-
tains specific formulation for the intensity transmission
function associated with the object and its corresponding
image intensity distribution. We introduce the edge degra-
dation as a modified Heaviside function or step function
affected by an exponential factor or gradient that accounts
for the degradation [17]. We present new ideas in Section 4:
the LSF andMTF associated with a degraded edge. These
two functions are derived by using the previous definition of
degraded edge. By differentiating the image intensity dis-
tribution of the degraded edge one obtains an associated
LSF. The MTF is directly derived by taking the modulus
of the Fourier transform of the associatedLSF. Since these
two functions have valid connection to blur, they are both
affected by a degradation parameter. In particular, theLSF
provides a natural procedure for establishing resolution cri-
teria for degraded edges, while the associatedMTF defines a
spatial frequency carrier operating under a degradation
mechanism (a spatial frequency domain analysis) giving a
contrast factor in terms of blur. In Section 5, we introduce a
contrast reduction function in terms of theMTF associated
with a degraded edge and theMTF of the perfect system.
We develop this idea by explaining the basic concept and
further applications, as the calculus of the system depth of
focus. Section 6 gives some experimental data obtained for
real edges captured by a CCD camera and showing the
possible connections with the proposed models. We end
with Section 7 for discussion and conclusions.

2. Background: perfect and degraded edge definitions

In the classical paper by Weinstein [14] it is proposed the
use of the incoherent hard edge image distribution to intro-
duce an image quality criterion for incoherent illumination
in high aberrated systems (up tol/4). This overcomes the
PSF definition that shows a complex behavior (fringes
structure) and it can be only applied to low aberrated
systems (underl/4). This author did not consider blur influ-
ence or degradation on the edge and introduced a similar
parameter to the associatedLSF, namely, the flux density
gradient, which it is a measure of the image quality in the
case of simple defocusing.

Barakat and Houston [15] expressed theESF in terms of
an accumulativeLSFfor a system in the presence of off-axis
aberrations. In their treatment, they define theESF as the
hard edge image. Swanter and Hayslett [16] formulated the
edge responses for such obscured aperture optical systems
as the integral of the line response, considering a perfect
edge as object.

In their pioneering work Shanmugam et al. [1] defined the
edge as a great and sudden change in an image attribute,
usually the brightness. They consider not only the hard
edges but the degraded or blurred ones, defined as sigmoids.
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The sigmoid function has good properties of symmetry, but
it does not represent real edges, since they are non-symme-
trical due to effects arising from the capturing procedure.

In their theory of edge detection, Marr and Hildreth [11]
proposed a theory related to the early processing of visual
information in complex vision systems. They considered
any sharp intensity change in the image as the presence of
an edge. They detected the changes by searching for the
zero-crossing of the second derivative of the image intensity
distribution. No specific expression for the image intensity
distribution was supposed, but the task of isolated edges
detection is made by comparing the obtained magnitudes
with that for the hard edges.

In an interesting paper, Pentland [18] proposed a new cue
for depth information based on the use of perfect edge dis-
continuities. Pentland calculated the image of the edge by
convolving the hard edge object with thePSFof the system,
but in the case of defocused edges, Pentland’s procedure
does not include a blurred magnitude on the edge itself,
but in thePSFof the system.

Related to Pentland’s contributions, Marshall et al. [19]
proposed other cues to relative visual depth based on the per-
ception of edges. The edges were defined as steps, but con-
volved with a gaussian blur kernel, representing the degrading
LSFof the system. The edge image can be defocused or not,
depending on this kernel and not on the edge itself.

We find a different definition of a real edge in a paper of
Basu [2], where it is defined as a combination of steps, peaks
and roofs. It also considers white noise added to the signal,
since Basu gives a model for edge enhancement and not for
edge detection.

3. Degraded edge-object and edge-image intensity
distributions

We consider an image forming system, working under
incoherent illumination, and having a circular pupil of

unit radius (see Fig. 1). Let (x0, y0) be the rectangular
coordinates at the object plane. In this plane we define the
degraded edge as:

DE0(x0) ¼ H(x0) 1¹ exp
¹ x0

t

� �h i
(1)

wheret is the degradation parameter (with dimensions of a
length) andH(x0) is the Heaviside or step function. The term
in brackets represents the degrading factor. These edges are
non-symmetrical: they do not present a curve zone in the
transition from zero intensity to the increasing values when
the spatial variable (x) increases (see Fig. 2). Since there is a

Fig. 1. An image forming system. It is limited by the diffraction of the telecentric effective circular pupil, having unit radius. Incoherent conditions of
illumination are assumed.

Fig. 2. Intensity distribution associated with the edge object as defined in
Eq. (1). To account the effect of the degradation parameter several values of
t are considered. The gray level is 0 for white and 1 for black.
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sudden change in the intensity, they do not fit with a sigmoig
as many authors suppose,* but clearly saturation is not actu-
ally a symmetric effect, only the function appears to be
mathematically more manageable. Fig. 2 shows the shape of
the degraded edge-object for some values oft. The parameter
t is related to the smoothness of the edge-object, thust ¼ 0
reproduces the perfect edge, whiletq 1 accounts for a highly
degraded one. The degradation parameter represents approxi-
mately the half-distance required for the step to increase from
0 to 90% its maximum intensity (see Fig. 3). It can be seen as
the blur width [1] of the degraded edge. Eq. (1) is defined as a
continuous function (with continuous derivatives) that will
guarantee a suitable numerical behavior.

In the Fourier plane, with coordinates (u, v), the object
Fourier transformF(u, v) of Eq. (1) is filtered by the optical
transfer function (OTF) of the system. For simplicity the
pupil of the system is located close to the Fourier transform
plane (a negligible distance to it). This simplification
implies that we consider a telecentric effective stop [20]
and introduces the diffraction limited conditions of the sys-
tem. The filtered Fourier transform signal is:

FDE(u:v) ¼ F(u,v)·OTF(u, v) (2)

where,

F(u,v) ¼ td(n)
d(u)
2t

¹
1

1þ (2ptu)2

�

¹ i
(2ptu)

1þ (2ptu)2 ¹
1

2ptu)

� �#
ð3Þ

OTF(u,v) ¼ circ
r
2

� �
p p circ

r
2

� �
circ p p circ (4)

and ** denotes autocorrelation,d is the Dirac–delta func-
tion, and circ(r/2) ¼ 1 (for r ¼ Î(u2 þ v2) , 1), 0 (forr . 1).

The image intensity distribution at the image plane,DE(x,
y), is the inverse Fourier transform ofFDE(u, v) given in Eq.
(2). As F(u, v) depends on a single coordinate, its inverse
Fourier transform also depends on a single one:

DE(x) ¼ DE0(x) p
J1(2pr)

r

� �2

(5)

with DE0(x) as expressed in Eq. (1),r¼ Î(x2 þ y2) is the
radial coordinate, and * denotes correlation. Then,

DE(x) ¼

∫þ `

¹ `

DE0(x¹a)
∫þ `

¹ `

J1(2p
������������������
(a2 þ b2)

p
)������������������

(a2 þ b2)
p" #2

db

8<:
9=;da

(6)
The expression between parentheses is the well-knownLSF
of a perfect system having a circular pupil of unit radius,
denoted byLSF(a). It follows:

DE(x) ¼

∫þ `

¹ `

DE0(x¹a)LSF(a)da (7)

and, according to Eq. (1),

DE(x) ¼

∫þ `

¹ `

LSF(a)da ¹ exp
¹ x
t

� � ∫x
¹ `

a

t

� �
LSF(a)da

(8)

Eq. (8) is the key equation to represent the image intensity
distribution of a degraded edge. To obtain an analytical
expression for Eq. (8) one needs to substitute theLSF for
a more straightforward expression which can be easy to
compute. A certain number of exact formulas and approx-
imations are given in the literature [21,22] but we use here
the expression recently proposed by us [23]:

LSF(a) ¼

∫þ `

¹ `

J1(2p
������������������
(a2 þ b2)

p
)������������������

(a2 þb2)
p" #2

3 db ¼
8
p2

∑̀
n¼ 1

n2

4n2 ¹ 1
J2n(4pa)

a2 ð9Þ

whereJ2n(x) is the Bessel function of order 2n. By substitut-
ing Eq. (9) into Eq. (7), the degraded edge image intensity
distribution is:

DE(x) ¼
16
p3

∑̀
n¼ 1

n2

4n2 ¹ 1

∫x
¹ `

3 1¹ exp
¹ xþ a

t

� �h i J2n(4pa)
a2 da ð10Þ

The final result (Eq. (10)) has been normalized in this nota-
tion to:

DE(`) ¼

∫þ `

¹ `

LSF(a)da ¼
p

2
(11)

Fig. 3. Graphical explanation of the meaning of a degradation parameter
(t).

* For example, Shanmugan et al. in [1] introduced the sigmoid function as
a symmetric function to represent an edge affected by a gray level as a
degradation from the capturing procedure of the detector.
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Eq. (10) represents theESFfor blurred edges. The possible
oscillations arising from the numerical behavior of the Bes-
sel functions [24,25] are suppressed due to the optimized
Bessel functions expansion used in the computation [23]. As
an example, Fig. 9(a) shows the comparison between the
theoretical and experimental image intensity distribution for
a focused edge processed in a real optical system. Only
oscillations due to experimental procedure will appear.
Obvious differences appear comparing the theoretical object
and image distributions. The transition from zero intensity
to higher intensity is smoother in the imaged one: a gradual
change in the slope appears in this zone for edges with low
degradation parameters (0, t , 1). Obviously, this feature
disappears for higher defocused edges (t q 1). Thus, the
geometrical shadow region of the edge is not equally
defined. As the argument reaches zero, low degraded
edges will cut the intensity axis at a particular point, having
a well-defined geometrical shadow (for example, for data
not displayed here for brevity, the area under the left elbow
on the image intensity distribution, the intensity varies from
65% to 95%).

4. LSF and MTF associated with degraded edges

One can apply the well-known operation for theLSFto be
obtained by differentiating theESF, or inversely, theESFis
calculated by integrating the line response orLSF in the
orthogonal direction to its axis [14–16]. Thus, we define
the one dimensional gradient of the edge image intensity
distribution as anLSF associated with this specific edge.
The gradient of the incoherent edge intensity distribution

decreases uniformly and continuously across the spatial
coordinate and it is a measure of the image quality [14] in
the case of simple defocusing. Since edge degradation can
be a consequence of defocusing, this associatedLSF gives
information on the edge image quality:

LSFd(x) ¼
d
dx

(DE(x)) (12)

By using the Leibniz rule [24] to differentiate under the
integral sign in Eq. (12):

LSFd(x) ¼
16
p3t

∑̀
n¼ 1

n2

4n2 ¹ 1

∫x
¹ `

exp
¹ xþ a

t

� � J2n(4pa)
a2 da

(13)

Eq. (13) is represented in Fig. 4 for various degradation
parameters (0# t # 5). Fort . 0 the shape of thisLSFd

is not a symmetrical one. This feature appears directly con-
nected to the definition of the real degraded edges, that are
inherently non-symmetrical. Moreover, the higher the
degradation parameter, the more spreading theLSFd. As
the degree of blur increases, the energy distribution tends
to equalize over the spatial coordinate and the central max-
imum decreases. This corresponds to an edge image highly
degraded and embedded into the geometrical shadow, as
commented in the later section. Opposite, if the degradation
parameter is smaller than unity (t , 1), theLSFd shows a
high central peak: the distribution of the energy is concen-
trate at the origin (location of the edge).

We shall introduce a new definition: the modulation
transfer function associated with a degraded edge (MTFd).
This magnitude provides information on the response of the
system to degraded edges for a spatial frequency range,
giving data on the contrast. The cut-off frequency remains
constant for all defocused edge objects [26], as it is deter-
mined by the system aperture, but the shape of theMTFd

will vary according to the degradation parameters. As is
well-known [27,28], theMTF of a rotationally invariant
system, whosePSFdepends on a single variable, is given
as the modulus of the Fourier transform of theLSFd. There-
fore,

MTFd(u) ¼ lFT(LSFd(x))l (14)

whereu is the spatial frequency of the system. By using a
well-known property of the Fourier transform related to the
derivative:

MTFd(u) ¼

�����FT
d
dx

DE(x)
� � �����¼ l2piuFT(DE(x))l (15)

Notice that this theorem has restrictions: it must be applied
to monotonically decreasing functionsDE(x). Our case
satisfies this condition, since we are considering a diffrac-
tion-limited system (limited by the aperture pupil) where the
edge function is zero outside the pupil region. Application
of derivatives enhances the high frequencies, attenuates the
low ones and suppresses the zero frequency, as the operation

Fig. 4.LSFassociated with the image of the degraded edge objects, accord-
ing to Eq. (15). The ‘3 ’ represents the spatial coordinate. Ordinate axis
represents the line radiant flux density (in arbitrary units).

1007M. L. Calvo et al./Image and Vision Computing 16 (1998) 1003–1017



corresponds to a filtering process with a complex filter with
constant phase shiftp/2 and linear attenuation.

By considering that the edge image intensity distribution
is given by the convolution between the edge object and the
LSF of the system, the Fourier transform appearing in the
right-hand-side of Eq. (15) is:

FT[DE(x)] ¼ FT[DE0(x) p LSF(x)]

¼ FT[DE0(x)]FT[LSF(x)]

¼ FT[DE0(x)]MTF(u) ð16Þ

¼
16
p3

∑̀
n¼ 1

n2

4n2 ¹ 1

∫þ `

¹ `

FT 1¹ exp
¹ xþ a

t

� �� �
H(x¹a)

h i
3 FT

J2n(4pa)
a2

� �
da ð17Þ

Eqs. (15) and (16) denote that theMTFd(u) is proportional
(factor 2piu) to the product of the Fourier transform of the
degraded edge-object and theMTF associated with the
perfect optical system forming the image.

By calculating the two FT [25] of Eq. (17) and substitut-
ing the result, we find:

MTFd(u)¼

����� 32i
p

u
∑`

n¼ 1
8n2

4n2 ¹ 1
·2F1 ¹ n¹

1
2
, n¹

1
2
,

1
2
;

u2

4

� �
·

(18)

d(u)
2

¹
t

1þ (2put)2 ¹ ti
2pitu

1þ (2ptu)2 ¹
1

(2ptu)

� �� � �����
where2F1[a, b, c; z] is the Hypergeometric function of first
kind and second order [28,29]. This result is valid for 0, u

, 2, that represents the cut in frequencies due to the pupil
size limit. Fig. 5 shows the shape of theMTFd for some
values of the degradation parameter. For 0, t , 1, the
associatedMTFd reduces monotonically its contrast, while
for t q 1 very highly degraded edges exhibit a similar fast
decreasing shape.

This feature may play an important role in edge recogni-
tion. Obviously, matched filtering adapted to a specific edge
object with a certain degradation (a specifict) will be
required, but to recognize a large class of highly degraded
edges having different degree of blur (whenever thet value
was high), a unique correlation will operate.

5. Contrast reduction function

According to Eqs. (15) and (16), theMTFd depends on the
MTF of the perfect system. By using the properties of the
modulus, we have:

MTFd(u) ¼ l2piuF(u)MTF(u)l # l2piuF(u)l·lMTF(u)l
(19)

whereF(u) is given in Eq. (3). TheMTF(u) can be calcu-
lated by taking the modulus of the Fourier transform of the
perfect system’sLSF(see Eq. (9)). Here, one can define the
ratio MTFd(u)/lMTF(u)l where the contrast reduction be
related to the edge-object quality. Thus:

Cd(u) ¼
MTFd(u)
lMTF(u)l

# l2piuF(u)l (20)

The degradation mechanism appears to be bounded by the
nature of the Fourier transform of the edge-object. By sub-
stituting Eq. (3) in Eq. (20) and operating, one obtains:

Cd(u) #

������������������������
1

1þ (2ptu)2

s
(21)

As a proof of consistence, one evaluates the value of the
contrast for the zero-frequency component. This value has
to be equal to the unity. It is immediate to realize that:Cd(0)
# 1. On the other hand, fort ¼ 0 we obtain the perfect edge
contrast, that is, the contrast without reduction sinceCd(u,t
¼ 0) ¼ 1.

Fig. 6 displays the contrast reduction function for 0# t #
5. As an example, foru ¼ 1 mm¹1 one has that from 0# t

# 0.5 the reduction is about 70%, but from 0# t # 1 is
85%. Fort ¼ 5 the contrast is very low since the contrast
reduction is about 97%. Fig. 6 shows that the contrast reduc-
tion depends on edge-object degradation: the higher the
degradation parameter, the larger the contrast reduction in
relation to the hard perfect edge. For very low spatial fre-
quencies (0# u # 0.05), the contrast reduction for 0# t #
5 is small, since all shapes are over the 50% of contrast. For
low spatial frequencies (0.05# u # 0.2), the contrast for 0
# t # 1 decreases but not dramatically. However, fort . 1
the contrast is under 0.5. For an intermediate range of spatial
frequencies (0.2# u # 1) the contrast diminishes strongly

Fig. 5.MTF associated with the image of degraded edge objects, according
to Eq. (20).
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for all t. The shapes fort . 1 become similar and tend to
equalize as the spatial frequencies increase. For very high
values of the spatial frequency (u $ 1) and degradation
parameters of 0# t # 1, the contrast reduction tends to
the zero value, although for highert it tends faster. As the
spatial frequency increases, the contrast also diminishes.
Related for example to visual acuity, a reduction on the
contrast for higher spatial frequencies has been reported
for defocused small letter contrast sensitivity (SLCS) [30].
The results show that a shift takes place with respect to the

contrast sensitivity for focused SLCS. The change in the
slope of the contrast sensitivity function, depending on the
object contrast, implies a reduction in visual acuity.

On the other hand, Artal and Navarro have obtained the
monochromaticMTF of the human eye for different pupil
diameters [31], where a similar behavior for degradation to
the one we are discussing is presented. TheMTFs are fitted
by using an analytical expression in terms of a two expo-
nential functions addition: the function with higher weight
and slope fits the low-spatial frequency range, and the other
fits the high spatial frequency range. In this case, no cut-off
frequency can be defined since the exponentials never reach
zero and, therefore, these parametricMTFs yieldPSFs that
are narrower than the actual ones.

6. Experimental degraded edges

In order to prove the correctness of our representation for
real degraded edges, we have set-up an experimental system
displayed in Fig. 7. The system carries out all the require-
ments expressed in Section 2 related to degraded edges.
Edge degradation is taken by defocusing the optical system.

We used the monochromatic illumination from a helium–
neon/20 mW laser. Since we needed temporal incoherent
light (to suppress all correlations from temporal and spatial
interferences), a spatial filtering operation (SPF) is made up
and a rotating diffuser (RD) is placed. A condenser lens
(CL) is located after the diffuser (where the incoherent
source is now defined, having a certain extension or small
area) to collect the light and to give a uniform illumination
at the object plane (DE0(x0, y0)) where a knife edge (half-
plane) acts as a perfect straight edge. The object plane is
located at a distancedo from a convergent lens (L), with
focal distancef ¼ 10 cm, that forms the image intensity
distribution at the image plane, at a distancedi. Both

Fig. 6. Contrast reduction function, according to Eq. (21). Two behaviors
can be determined: (a) 0# t # 1, the contrast function decreases mono-
tonically (there is a contrast reduction for high frequencies); (b) 1, t # 10,
the shape is rather similar for allt (there is a dramatic reduction for high
frequencies).

Fig. 7. Experimental optical system (see text for details).
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distances (do anddi) are approximately related by the con-
jugation relation for convergent thin lenses. In the image
plane, a CCD camera connected to a PC computer is placed.
We have used a Data Translation 2861 frame grabber to
capture the images from the CCD camera to the computer.
In order to avoid excessive saturation of the camera, a polar-
izer (P) is placed after the laser. By rotating the polarizer,
one can select the amount of illumination in the system. To
obtain the defocused or degraded edges, the image plane I is
shifted to some different positions I9 far from the distancedi

(the position of perfect focusing or perfect straight edge).
This positive and increasing distance is denoted by the defo-
cusing distance (denoted in mm).

Fig. 8(a)–(e) displays various photographs of degraded
edges, for defocusing distances: 0 (focused edge), 2, 5, 10
and 20 cm; and Fig. 8(f)–(j) shows their respective line pro-
files. The shape for the edge-image intensity distribution asso-
ciated with various experimental blurred edges fits apparently
with the theoretical predictions, as can be seen in Fig. 8(f)–(j).
For small defocusing distances (0, 2 and 5 cm), the slope of
the edge is higher. Defocusing causes an increasing shift with
respect to the location of the hard edge. The slope for high
defocused edges becomes lesser than for the hard perfect
edge, since the degree of gray levels increases.

Apart from the localization of the edge, which is given by
the argument of the Heaviside function, two main
characteristics arise from the comparison between the the-
oretical and the experimental edges (Fig. 9(a)): intensity
degradation and noise background. It is necessary to con-
sider this features to fit exactly our model with the experi-
mental results.

6.1. Intensity degradation

The decreasing of the maximum intensity is due to the
way we use to degrade the original hard edge. Since we
remove the image plane far from its focusing position,
less light will be captured by the CCD detector each
time and, therefore, less intensity will arrive. This char-
acteristic can be observed in Fig. 8(f)–(j) where the edge
intensity decreases in proportion to the increasing of
defocus. In Fig. 8(g) it is displayed the quantity ‘edge
height’ (EH), that represents mathematically the intensity
diminish.

6.2. Noise background

In Fig. 8(h) one can see two types of noise. Electronic
noise appears in every experimental set up. It is present in
the small oscillations of the shape and it is caused by the
recording device (CCD camera). It only supposes a 1% in
intensity oscillations. Noise background appears in the zone
of the edge that should have zero values of intensity (black
zone of the edge). This happens because the hard edge-
object used to generate the object was not totally opaque
and then light could pass through the black part of the edge

giving a background, which was not considered in the
model. We call this background noise ‘edge opacity’ (EO)
and it is approximately equal for all the imaged edges, since
the object edge is physically the same for all.

We introduce this two parameters, as well as the edge
location, by simply operating in the previous definition of
the degraded edge (Eq. (1)):

DE0(x0) ¼ EOþ EH·H(x0 ¹ a) 1¹ exp
¹ x0 þ a

t

� �� �
(22)

with a¼ localization of the edge and the restrictions 0# EO
# 1 and 0# EH # 1.

Convolving this expression with theLSF of the perfect
system (Eq. (9)), one obtains the theoretical fitting to the
empirical edges. Fig. 9(a) displays the comparison between
the theoretical, experimental and fitted shape for the focused
edge. Fig. 9(b) shows the fitting and the experimental shapes
for the five captured edges. The model fits better with the
low degraded edges than with the high degraded ones, since
the low degraded edges have a well-defined geometrical
shadow and therefore they are easily reconstructed by the
system. For high degraded edges, the image intensity dis-
tribution does not present the same behavior since the gra-
dual change of the slope is not well-defined. This gives rise
to an ambiguous geometrical shadow region (intensity vary-
ing from 10% to 20%) and avoids a correct definition of it.
In this case, the degraded edge is embedded into the geome-
trical shadow and it is impossible to reconstruct or recognize
it, due to the small variation in the slope, and therefore, a
dramatic reduction of contrast takes place (see Fig. 9(b)).

Starting from this curve fitting the empirical edges, one
can derive the already defined associated functions (LSF,
MTF, CRF) and obtain information about image quality,
frequencies processed and contrast reduction by applying
the previous formalism. Fig. 10 displays theMTF asso-
ciated with the experimental edges given by the line pro-
files of Fig. 8(f)–(j). We have represented also theMTF of
the theoretical focused edge. The experimental focused
edge appears degraded in comparison with the theoretical
one, but not excessively since the merit function (area
between the theoretical prediction and the experimental
result) is negligible. As it is expected, when defocusing
increases, the modulation transfer decreases. Fig. 11
shows the associatedCRF. This function has been calcu-
lated by dividing theMTF associated with an experimental
edge of a certain degradation and theMTF associated with
the theoretical focused edge. This fact is somehow a nor-
malization that gives the contrast reduction of the experi-
mental imaging related to the theoretical predictions.
Although theCRF is mathematically given in terms of
the edge object spectrum, it is not possible experimentally
to apply this relation, since we do not know a priori the
values of the parametersEO, EH andt. Therefore,CRF is
given experimentally as a rate of bothMTFs.
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Another interesting magnitude can be computed: the
depth of focus (DOF) of the system. There are several
ways to define the DOF:
• The dioptric distance between the two points that deter-

mine the depth of field of the system [26].
• The dioptric range for which theMTF exceeds the 50%

of its maximum for a given spatial frequency [26].
• The range of defocus for which theCRF exceeds the

80% of its maximum for a given frequency [32].

In any case it is possible to give a value for the DOF
starting from other known functions. In this work, we use
theCRF to compute the DOF in terms of defocusing for an
average spatial frequency. The election of this frequency
depends on the considered experimental system. We show a
practical case of the DOF fixing a spatial frequency value and
representing theCRFin terms of the defocusing (t). The range
of defocusing for which theCRFsurpass 80% of its maximum
value is a measure of the depth of focus, which is given in

Fig. 8. Images captured of the experimental degraded edges, for various defocusing distances: (a) focused edge (0 cm); (b) defocusing¼ 2 cm, (c) defocusing
¼ 5 cm; (d) defocusing¼ 10 cm and (e) defocusing¼ 20 cm. The corresponding line profiles of these images are given in (f)–(j). All the line profiles were
centered at the 256 pixel line of the digitized image (5123 512) and normalized with respect the maximum gray level of the hard edge (255¼ absolute white).
The ‘ 3 ’ represents the spatial coordinate. Since the optical image of the degraded edge has been digitized, the spatial coordinate was translated from pixels to
millimeters, using the conversion: 1 pixel¼ 0.013 mm. The gray level is 1 for white and 0 for black.
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dioptric units sincet has units mm¹1. Then, we can obtain an
objective measure of the system depth of focus solely having
the image of some defocused edges processed by the system,
as well as other information of interest. Fig. 12 shows the
results for theCRF in terms of defocusing. In this case, for
u ¼ 1, the depth of focus is 1.24 mm¹1 (diopters).

7. Discussion and conclusions

We have presented in this paper a characterization of
degraded edge imaged by a perfect system by introducing
a convenient ‘degradation parameter’ (t). This parameter is

related to a defocusing in the image plane in any experi-
mental diffraction limited system with circular pupil under
conditions of incoherent illumination. To typify a degraded
edge it is necessary and useful for many applications to
quantize the degree of blur. For example, a scene (e.g. a
real life picture) is basically composed of many objects all
defined within certain boundaries with their corresponding
edges (or gradual changes in the luminance). Depending on
the depth situation of the object in the visual scene, the
edges of the boundaries become more or less degraded.
According to Pentland’s psychophysical experiments [18],
the further the object, the more degraded are its boundary
edges. Observers can interpret an increase in defocusing as

Fig. 8.Continued
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an increase in distance, maybe because they focus having as
a reference the nearest object in the visual field. In this
sense, it is interesting to characterize the degraded edges
of the scene, not as a function related to the imaging system
(as a degradedLSF), but as a function that describes the
edges themselves, defining intrinsic characteristics, and
the degraded edge as a depth cue. These avoid connecting

the degrading mechanism to the concrete features of the
system that provides the scene.

To study a method to characterize the degraded edge, we
first analyze the associated image intensity distribution.
Its expression is given in Eq. (12) in terms of a
convolution between the degraded edge object and the
LSF associated with a perfect system. In the interval

Fig. 8.Continued

Fig. 9. (a) A joint representation of the experimental (dashed line) and theoretical (solid line) intensity image distribution for the focused edge.(b) Experi-
mental degraded edge images as in Fig. 8(f)–(j) fitted with the modified formula (see Eq. (22)) for the corresponding (values (defocusing equivalence). For
focused and low defocused edges (0–5 cm) the model fits better, apart from experimental electronic noise. The edge opacity remains unchanged for all the
considered cases. The edge heights are related with the slope. For high defocused edges the standard deviations are important.
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under analysis (see Fig. 4), the degraded edges have a par-
ticular stabilization for increasing arguments: they tend to
unity, but as the degradation parameter increases, the ten-
dency is less noticeable. Two main magnitudes characterize
the edge-image intensity distribution: edge oscillations and

geometrical shadow. For an incoherently illuminated system,
the oscillations are not remarkable and only small fluctuations
appear mainly due to the numerical behavior of the Bessel
functions. The transition between zero intensity (black) and
the maximum intensity (white) is smooth, depending on the
degradation parameter. The value of the intensity at the origin
of the edge-image is higher than the edge-object. There is a
zone for negative values of the argument where the edge-
image intensity is not zero whereas in the edge-object inten-
sity it is null. Then, a transition region appears in the edge-
image distribution while in the edge-object distribution there
is an abrupt change. The area defined under this zone is the
geometrical shadow region of the edge-image. The geometri-
cal shadow region appears to be small for high degraded
edges. However, these edges show such a large variety of
gray levels that they do not have a high contrast and, therefore,
they seem to be embedded on the geometrical shadow. As a
consequence, they cannot be reconstructed since these high
degraded edges are images with low quality and low defini-
tion. This is an important feature in the design of an image
quality assessment procedure in terms of the contrast degra-
dation.

The other magnitude referred to the quality of the edge is
the associatedLSF (LSFd). The spreading shape and the
central peak value are two features that characterize the
edge quality. The more spreading theLSFd, the less con-
centrated the energy, and the smaller the edge quality. The
LSFcould also be useful to establish resolution criteria [33]
in the case of defocusing.

The shape of the associatedMTF (MTFd) provides a
mechanism to analyze the edge processing of the system

Fig. 12.CRF in terms of defocusing (t). The range of defocusing for which
the CRF surpass the 80% of its maximum value determines the depth of
focus of the system, in dioptric units (cm¹1). The distribution corresponds
to a fixed normalized spatial frequencyu ¼ 1.

Fig. 10. EmpiricalMTF obtained from the experimental fitted edge images
given in Eq. (9). The perfect and the focused have a similarMTF. As t

increases (increasing defocusing) theMTF behaves as a narrower low-pass
filter.

Fig. 11. The correspondingCRF obtained by normalizing theMTF asso-
ciated with an experimental edge (with a certain degradation) with respect
the theoretical perfect systemMTF (t ¼ 0).
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in terms of a spatial frequency carrier and to measure its
contrast degradation. As Fig. 6 shows, theMTFd shape fort
¼ 1 mm exhibits higher contrast to all the frequencies (0, u
, 2) than fort . 1 mm, although both decrease to zero foru
¼ 2. For t q 1 mm, the shape of theMTFd is relatively
insensitive to dramatic increasing of the degradation para-
meter: all shapes remain similar. This feature is expected
since it is obvious that, having a map formed by different
high degraded edges, a discrimination is not easily performed.
Therefore, they should be processed similarly in the proces-
sing system, since they have analogous contrast. The resem-
blance between theMTF of a perfect edge and theMTFd

associated with a degraded edge, and the differences of their
parameters (cut-off frequency, slope) are useful, for exam-
ple, to study the edge quality definition of photodetector
systems (as CCD cameras) and they can provide a merit
function to characterize the system [34]. The introduction
of the contrast reduction function gives a cue to study the
contrast as a consequence of degradation. By degrading the
edge-object, one realizes that the contrast diminishes until
the system is not able to give any information of the pro-
cessed spatial frequencies. Fort $ 2 and medium frequen-
cies, the contrast value is under 0.1, that is a very low
contrast and represents more a quite uniform degree of
gray levels than an edge.

Relation of a contrast sensitivity function (CSF) with the
CRF needs a deeper analysis. We know that theCSF is
defined as the inverse of the contrast required to produce a
threshold response, referred to as Michelson contrast or
contrast modulation. The inverse of aCSFhas been demon-
strated to be a useful tool for noise quantization in image
compression, in the sense of obtaining compressed images
visually indistinguishable from uncompressed ones [35]. In
our present model we have seen that the distinct behavior of
the experimentalCRFas compared with the theoretical one
(for which no effects of the real image processing system are
implied), comes from the influence of two parameters: the
noise level (edge opacity), and a diffusion mechanism
(reduction of the intensity level), producing, respectively,
the equivalent to a compression and a reduction of the gray
levels that define the edge degradation [36]. Consequently, a
CSFassociated with an experimentalCRFwill carry infor-
mation only in these two parameters. It is obvious that one
cannot extend the present analysis to aCSF related to
human visual response to edge degradation, since we cannot
define the experimental conditions to run a psychophysical
test, such as luminance background and image size. We
have preliminary results (not displayed here), from which
one can extract a degradation sensitivity curve showing a
certain constancy with degradation, but this result could be
due to the actual short range of degradation, constrained by
the image size (monitor specifications) [37].

No discussion of characterization of degraded edges and
contrast reduction will be complete without a discussion of
the humanCSF, if one of our (ultimate) aims is to model a
possible mechanism of the human spatial visual system. The

humanMTF and the humanCSFhave been studied in great
detail in both normal and diseased eyes since the first pub-
lications of Campbell et al. [38,39]. Spatial and temporal
CSF measurements are widely used in vision research. It
should be noted that the traditionally measuredCSF is not
directly related to theMTF of the eye, owing to the low
spatial frequency fall off (presumably due to neural factors),
and the band pass characteristics of theCSF. The basic
limitation of theCSFtechnique is that it represents a com-
plex system with many known non-linearities by a simple
set of points. However, the predictive abilities of using the
CSFsuggest that under many conditions the treatment of the
visual system as a quasi-linear system is a reasonable
assumption. For example, Blakemore and Campbell [40]
were able to show the existence of human spatial frequency
selective channels, giving rise to channel models of spatial
vision (e.g. Wilson et al. [41,42]). Lang et al. [43] using a
phenomenological technique based on an in vitroOTF and
Lakshminarayanan et al. [44], with a model of the human
threshold detection, were able to predict clinical data in
patients implanted with multifocal intraocular lenses. Bar-
ten [45] has evaluated subjective image quality using square
root integral method and an analytical expression for the
CSF.

Reduction of contrast has deleterious effects on normal
(and abnormal) visual performance in real world environ-
ments [46] and in activities such as reading [47,48] and
driving [49]. Using theCSF, advances have been made
for characterizing the perception of degraded images due
to noise and blur [50,51,26] and in letter recognition [52].
CSF measures have also been used for image processing
applications [53–55].

Detailed discussion of theCSF, its measurement and
implications as well as the role of contrast human vision
are beyond the scope of this discussion. However, we
refer the reader to the many books and articles available
on this subject [53–55]. A future goal of our research
would be to relate the formalism presented herein to the
humanCSF.

The implications of the model to give a tolerance limit in
terms of the degradation parameter, that is, a resolution
criterion, are the subject of present research. We are con-
cerned also in the task of interpreting more complicated
systems, characterized by degradedLSF [56,57] which
implies a degraded system with a degradedMTF. In this
sense, defining aCRF seems more complex, as one has to
compare two degradedMTFs, the one associated with a
degraded edge, and theMTF of a degrading system. These
aspects are under development.
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