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Many stereo disparity computation algorithms have been developed in the literature. However, the 
performance evaluation was carried out on different stereo image pairs and only few algorithms 
used common image test data. Performance evaluation of stereo algorithms was then subjective 
(visual). In order to provide a common ground to evaluate stereo algorithms, it is essential to 
devise an evaluation strategy. Moreover, performance evaluation is paramount in order to 
determine in which conditions an algorithm outperforms another.  This fact certainly guides the 
choice of the best algorithm with respect to the targeted application. This paper addresses both 
non-contextual and contextual evaluation of phase-based stereo algorithms. 
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1. INTRODUCTION 

Computer vision aims at the development of algorithms to solve practical vision-related 
problems as well as the comprehension and the modeling of the human visual system. It is 
obvious that a complete solving or even partially satisfactory of either problems is very 
difficult. We are only interested in the development of algorithms and practical solutions in 
computer vision. Current works in computer vision and the availability of low cost 
powerful calculators let us believe that vision is able to come up with viable and reliable 
solutions. Hence, algorithms bench-marking may be seen as the development of methods 
and tools to measure the capabilities of the algorithms to fulfill their specifications, to 
establish a state of the art, to specify the future ways of research, to place computer vision 
on a solid scientific and experimental basis and to make it easier the transfer of algorithms 
towards the industry. Unfortunately, for much of vision applications, there is no absolute 
method to check if the algorithms achieve their goals or even to measure and compare their 
performance and to determine a precise state of the art of a particular problem. In the 
absence of a recognized and accepted method, vision algorithms were a long time evaluated 
by other criteria such as their elegance, the use of sophisticated mathematical methods and 
the complexity of algorithms. The design elegance and the use of sophisticated mathematics 
are not necessarily correlated in a positive way with the performance since they may 
require specific assumptions on the application; when these assumptions are not met by the 
application, algorithms performance degrades [1]. In many works in machine vision 
literature, authors made use of simple real images to try out stereo vision algorithms. 
Checking the results was subjective (visual). Sometimes, computer generated images with 
ground-truth were used. That goes without saying that in the absence of ground-truth, it is 
difficult to evaluate the results and the errors made when characteristics are computed. We 
can classify evaluation methods for matching algorithms in two categories according to 
whether we consider or not a later use of disparity. These categories are denoted contextual 
and non-contextual evaluation. The contextual evaluation takes into account the 
requirements of a particular application. The non-contextual evaluation is application-
independent; it measures the performance of the algorithms with respect to various types of 
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degradations and parameters of the algorithm itself. Both contextual and non-contextual 
evaluations may use objective or subjective performance criteria with or without ground-
truth [2, 3, 4, 5]. Subjective methods take their gist of the matter from psychophysical 
studies. They make use of human intervention in the benchmarking. They are easily 
implemented. On the other hand, they depend on the limitation of the human eye to 
distinguish visual features, on the experience of the evaluator and his knowledge in the field 
as well as type of imagery (optical, radar, X-ray or multi spectral). Objective methods 
measure the performance theoretically or empirically with respect to certain criteria. If a 
ground-truth is available, objective methods measure for example absolute and relative 
errors between the computed disparity and the ground-truth as well as the density of 
measurements. 

In this work, we analyze the behavior of phase-based algorithms and we evaluate their 
performance. Initially, we consider an objective non-contextual evaluation with explicit 
ground-truth. Then, we consider a subjective contextual evaluation. For the non-contextual 
evaluation, we use computer generated images whereas real images are used in the 
contextual evaluation. The aim of these evaluations is to check whether the algorithms 
fulfill the specifications, if they provide the results predicted by the theory on which they 
are based and if they meet the requirements of a given application, for instance, view 
synthesis. The performance of a disparity estimation algorithm can be affected by various 
error sources. We propose to distinguish errors intrinsic to the signal, errors due to the basic 
or wrongful assumptions, the introduced mathematical approximations and the effects of 
the algorithm parameters. We are interested in the behavior of the algorithms with respect 
to the variations of signal features and the filter, and, finally, algorithm parameters. The fact 
that stereo vision is based on the assumption that the stereoscopic images are locally related 
by a one dimensional constant shift, in the case of a rectified stereo pair, causes signal- and 
assumptions-related errors. Since the stereoscopic images are two-dimensional projections 
of the same 3D scene, taken under slightly different viewpoints, we might expect to hit 
occlusions, i.e., features found in only one image of the stereo pair. We might also expect 
differences in scale as well as in shape of the signal. Moreover, if the matching uses a 
priori information on the cameras, e.g. the assumption of identical cameras, we should 
expect other errors than those previously stated. These errors are due to the difference in 
illumination, of contrast, errors of calibration, including the errors on the cameras relative 
positions and the errors on the intrinsic parameters. The various sources of errors must be 
suitably isolated to be analyzed separately so that the evaluation is relevant. To isolate the 
error sources, it is suitable to use synthesized stereoscopic pairs obtained by adding 
constant shifts to the same image. This allows to overcome the overwhelming problem of 
occlusions, scale and shape differences. We want to quantify the disparity error when we 
observe the following differences between the images: a variation of contrast; a variation of 
illumination (gain difference between the two cameras); noise contamination. Regarding 
the filter, it would be interesting to examine the combined effect of the DC sensitivity and 
signal degradations on the quality of the results. We will characterize the limit detectable 
disparity within a reasonable error range given the filter parameters (the relative bandwidth 
b  and the scale l ). Finally, we will establish the variation of the error according to the 

algorithm parameters: the magnitude parameter, *t , the distance to a singularity, rt , and 

the frequency, wt . 

1.1 Error Measures 

As a starting point, we will draw inspiration from the work of Nguyen et al. [2] and 
Cozzi et al. [6] to set up the experimental protocol. We characterize the performance of the 
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algorithms by measuring their absolute and relative errors. The absolute error is defined by 

a c rE D D= - , where cD  and rD  are respectively the computed disparity and the 

reference disparity. The relative error, expressed as a ratio, is defined by 
100 /r c r rE D D D= ´ - . As we propose to evaluate the algorithms on synthetic images 

with constant shifts, we can consider the average errors as absolute and relative deviation 
measures. Thus, the average absolute error is defined by: 

,

1
( , ) ( , )aM c r

i jns

E D i j D i j
N

= -å                    (1) 

where i and j are the indices of the pixels having an estimate, and Nns is the total number of 
non-singular points. Similarly, we define the average relative error as the average of the 
relative errors for all non-singular pixels. 

,
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c r

aM
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These error measures are carried out on raw disparity maps which haven’t undergone any 
post-processing. Singular pixel locations are discarded using the algorithms intrinsic 
criteria. These singular locations are ignored in the error analysis. Also, it is useful to 
measure the density of the disparity map: /nsd N N= , where Nns is the number of non-

singular pixels and N is the total number of pixels in the image. These error measures make 
it possible to quantify the absolute average error, equation (1). However, an error of 3 
pixels, for example, is not always satisfactory if the actual disparity is 5 pixels. For this 
reason, we use the relative average error, equation (2). It makes it possible to know the 
proportion of the error compared to the disparity to be measured. Finally, the density makes 
it possible to know the proportion of the pixels that are free of singularities. Let us note that 
if these error measures seem to be adapted to the evaluation of this kind of algorithms and if 
their use appears natural, they are nevertheless incomplete. Indeed, we could consider for 
example specific measures to the various phenomena inherent to the stereoscopic scenes, 
such as occlusions or the grey level difference or phase difference of the matched pixels. 
Thus, we could quantify the quality of the matching by the following relations: 

( )2( ( )) ( ) ( ( )) ( )l l r l l r
x

I x d x I x O x d x O x+ - +å                (4) 

Or 

( )2( ( )) ( ) ( ( )) ( )l l r l l r
x

x d x x O x d x O xf f+ - +å                (5) 

where lI  and rI  are the left-hand and right-hand images, lf  and rf are the left-hand and 

right-hand phases, ?O  are the occlusions map, with { }? ,l rÎ  and where ?( ) 0O x =  if x  is 

an occlusion, and ld  the left-hand disparity map. Nonetheless, the difficulty remains the 

availability of ground-truth data such as occlusion maps. 

2. TIME FREQUENCY DECOMPOSITION 

The Fourier transform shifting property is the key element in the phase-based disparity 
estimation. Fourier phase is computed using every signal sample. Hence, phase difference 
yields a global shift. To get local shift estimation, one needs to localize the temporal/spatial 
window. On the other hand, localizing the window in the time/space domain does not 
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produce a phase for a unique frequency but for a frequency band instead. Therefore, the 
window must be localized in both time-space/frequency domains. The uncertainty principle 
allows achieving the trade-off between time-space and frequency accuracy: local Fourier 
transform. 

2.1 Disparity and Shifting Theorem 

The best example to illustrate the relationship between disparity and phase is the Fourier 
Transform shifting theorem. The shifting theorem establishes a relationship between a 
space-time shift and a phase shift in the frequency domain. The problem with this theorem 
is that it only allows global shift measurement with no information whatsoever regarding 
localization. This is due to the fact that both phase and amplitude are computed using every 
single signal sample.  Obviously, when two signals are no longer related by a pure global 
shift, the Fourier shifting theorem only allows for a global shift approximation, even if this 
shift doesn’t exist in the signals. 

Besides the fact that phase-based disparity estimation relies theoretically on the shifting 
theorem, there are other arguments in favour of its use: 

 Invariance: phase variations are independent from the energy of the signal;  

 Equivariance with spatial locations: a change in spatial structure always translates to a 
change in phase; 

 Equivariance of phase derivative and local spatial frequency: in high frequency areas, 
phase varies more quickly than in low frequency areas. 

To show how the spatial shift is derived from phase, let’s consider two signals ( )l x  and 

( )r x  such that ( ) ( )r x l x a= - , where a  is the spatial shift or disparity. Using the shifting 

property of the Fourier transform, we can derive the following equation ( ) ( )jaR e Lww w-= . 

The disparity may be computed as ( )/l ra f f w= - , where [ ]arg ( )l Lf w=  and 

[ ]arg ( )r Rf w= . It is clear that the disparity is computed with respect to the phase of one 

of the harmonics which represents the frequency localization. With the Fourier transform 
having an infinite support in the spatial domain, the calculated disparity cannot be safely 
assigned to a specific spatial location. Conversely, a localized spatial window allows 
assigning the disparity to a particular spatial location; however, in the dual frequency 
domain, the localized spatial support translates to an infinite frequency support, meaning 
that the disparity is computed from phase of an infinite number of harmonics. 

2.2 Space-Frequency Representation and Localization 

Accuracy is sought in stereo disparity measurements. Space domain accuracy is achieved 
when the disparity is assigned to a specific, fairly small, spatial location. Frequency domain 
accuracy is achieved when the disparity is computed using the preponderant frequency 
components, i.e. the frequency spectrum in that particular spatial location. The duality 
between both domains makes it impossible to be extremely accurate in both domains. To 
achieve the best in both domains, space and frequency, we need to find a Fourier window 
small enough in the spatial domain that translates to a localized frequency window. The 
uncertainty principle may be used to find the minimum value as well as the supports 
achieving this minimum. 
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2.2.a Uncertainty Principle and Gabor Basis Functions 

In order to formulate the uncertainty principle, we first introduce the bandwidth and the 
duration of a signal. The bandwidth B  is defined as the dispersion of the signal spectrum in 
the frequency domain, whilst the duration T  is defined to be the dispersion in the space-
time domain. Bandwidth and duration are dual notions, in the sense that they both represent 

the same measure in dual spaces. If ( )f x  is the signal and ( )f x


 is its Fourier transform, the 

bandwidth and duration are defined as: 

2
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The uncertainty principle is general, but as we only need a support that belongs to IR , we 
will limit the development hereunder to real functions. The principle states that for any 
function ( )f x  that vanishes towards infinity more quickly than 1/ x , i.e. 

lim ( ) 0x x f x¥ = , the following inequality holds 1/2TB ³ . This means that T  and 

B  can not be simultaneously arbitrarily small. It is to prove that the support functions that 
achieve the minimum uncertainty are given by 

2

2( )
x
k

f x c e= ´ ,  0k <  

The family of functions achieving the optimal resolution in space and frequency domains 
is called Gabor basis functions or filters. These are a complex exponential modulated by a 
Gaussian window 
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In the frequency domain, the filters are expressed as 
2

0( )

2
0( ; , ) f

fG e
w w

sw s w
-

-

=  

2.2.b Reduction of the Number of Parameters 

The parameters of the filter are 0w , the center frequency, and s , the scale parameter. 

The number of ripples in the space window depends on the value of the center frequency: a 
small value gives rise fewer ripples than a large value. The scale parameter, on the other 
hand, determines the spatial extent of the filter. It is interesting to lock these two parameters 
and allow the filter to keep its shape at different scales. We can express the center 
frequency in terms of the wavelength l  as ( ) 2 /w l p l= . We also define the 3dB relative 

bandwidth as the interval ,B Bw w- +é ùë û  such that 

0 0
0

( ) 1
ln(2)

( ) 2
B

f fB

G

G

w
w w s w s

w
=  =  »   

where 1/fs s= . The relative bandwidth is defined as the ratio of the upper and lower 

bound of the bandwidth; it is expressed in octaves in the logarithmic scale (one octave 
corresponds to an interval in which the upper cut-off frequency is the double of the lower 
cut-off frequency). The relative bandwidth of b  octaves is defined as 
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which yields the following equation 

0

1 2 1
( )

( ) 2 1

b

bs l
w l

+
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The filter is now completely defined by two parameters: the scale parameter l  and the 
relative bandwidth b . 

2.2.c Phase and Spatial Frequency 

One way to measure the local spatial frequency is to convolve the signal with a bank of 
filters tuned to different frequencies. An approximation of the local spatial frequency is the 
center frequency of the filter having the highest response magnitude. The accuracy of this 
approximation depends on the number of filters used which makes it a less desirable 
method to measure the local spatial frequency. A more robust approximation is to calculate 
the local phase from the real and imaginary components of the filter response. 

Phase and frequency of a sinusoid are often considered as independent components 
although the frequency could be calculated as the phase derivative. To illustrate this 
concept, let’s consider a chirp (a signal whose frequency varies over time). Figure 1 shows 
the sampled signal (top), the superposition of the analytic and computed phase (middle), 
and the superposition of the analytic and computed local frequency (bottom). 

 

 

 

Fig. 1. Comparison of the analytic and computed local phase and local spatial frequency.  Top: 
discrete signal sampled from a chirp. Middle: analytic and computed local phase. Bottom: analytic 

and computed local spatial frequency. 
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Fig.2. Phase error compared to the noise magnitude.  

As the phase is computed from the real and imaginary parts of the filter response, if the 
signal contains band-pass noise corresponding to the filter’s, the response will definitely be 
corrupted with noise. As a consequence, the phase measure will also be corrupted with 
noise. When the signal strength decreases, noise increases. If the filter is tuned to 0w , it will 

be sensitive to noise around that frequency. If noise is weaker than signal the phase 
estimate does not deviate much from the true phase value. However, if signal is weaker 
than noise, the resultant phase may deviate away from the true signal phase value. Let 

cos( )g x  and sin( )g x  be the real and imaginary parts of the Gabor filter. Phase and magnitude 

of the filter response to the signal ( )s x  are 

sin

cos

( ) * ( )
( ) arg

( ) * ( )

s x g x
x

s x g x
f

æ ö÷ç ÷= ç ÷ç ÷çè ø
,     cos sin( ) ( ) * ( ( ) ( ))x s x g x jg xr = +  

 

Fig. 3. Maximum phase error. 

The magnitude tends towards zero only if 

cos

sin

( ) * ( ) 0
( ) 0

( ) * ( ) 0

s x g x
x

s x g x
r

ì ïïï  íï ïïî
 

in which case, phase is no longer defined. To quantify the maximum phase measure, 
suppose that a noise is added to the signal. Noise is represented by a vector e


 in the 

complex plane whose orientation is arbitrary and magnitude less than e . The maximum of 
the error is when e


 is normal to v


: the vector’s end is the intersection of the circle with the 

tangent to the circle passing the origin. By combining the equation of the circle and the line 

tany x x= , we have 
2 22 2(1 tan ) 2 0x x v vx e+ - + - =

  
. The solution of this 

equation corresponds to two points having the same real part. Solving the equation, we 
finally obtain the maximum of the phase error  

2 2
tan 1/ / 1vx e= -
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Phase Linearity and Singularities 

Most phase-based disparity estimation algorithms assume that phase is linear. In fact, the 
phase of the response to a signal is not always linear; it depends on the nature of the signal. 
Nevertheless, it is possible to predict a global phase behavior. The non linearities are also 
called phase singularities and need to be removed from the disparity maps. 

Singularities may be defined as 

 Location where the phase is not linear due to a weak magnitude; locally, the 
instantaneous frequency may vary; 

 Phase can not be defined because the magnitude tends towards zero. 

D.C. Sensitivity 

Constant surfaces are difficult to handle in disparity estimation in general, and in phase-
based approaches in particular, because of their lack of structure; they correspond to very 
low frequencies. Moreover, the filter design requires that the filter be considered as an 
analytic signal, thus spanning one half plane of the frequency domain. We, then, choose to 
consider the right half plane corresponding to positive frequencies.  The suppression of the 
D.C. sensitivity of the filter can be achieved by removing the D.C. component from the 
input image signals. Alternatively, we can remove the D.C. component from the filter itself, 
thus, obtaining the D.C.-free version of the filter. From the definition of the Gabor filter, 

the magnitude of the D.C. component is 
2 2
0

2e
w s

-
. The definition of the D.C.-free filter is  

2 2 2
0

2
02 2

0

1
( ; , )

2

x
j xg x e e e

w s
wss w

ps

- -
= -  

Figure 4 shows the impact of the D.C. sensitivity on the phase behavior. 

 

 

Fig. 4. Gabor phase from a real signal. Top: D.C.  0.0126» .  Bottom:  D.C. 
206.5 10-» ´ .  The phase is improved when the D.C.-free filter is used. 
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D. Analytical Comparison of Phase-Based Estimators 

The simplest disparity estimators are Sanger’s and Fleet’s.  Sanger’s disparity estimator 
uses the phase difference along with the filter center frequency 

0

( ) ( )
( ) l rx x
a x

f f
w
-

=  

Fleet et al. have shown that locally the frequency content may be different from the filter 
center frequency. They suggested to compute the disparity estimate using an estimate of the 
local spatial frequency, or the instantaneous frequency 

( ) ( )
( ) l r

inst

x x
a x

f f
w
-

=  

where the instantaneous frequency is estimated by  

( ) ( )
( )

2
l r

inst

x x
x

f f
w

¢ ¢-
=  

To show that Fleet’s estimator is more robust than Sanger’s, we calculate the error for 
each estimator. We consider two signals shifted with respect to each other. The phase 
signals are also shifted accordingly. The phase difference can be written as 

( )
2 2

a a
x x xf f f

æ ö æ ö÷ ÷ç çD = + - -÷ ÷ç ç÷ ÷è ø è ø
 

and using Taylor series expansion around x , we have 

3( ) ( ) ( ( ))x a x a xf f f¢ ¢¢¢D = +O  

Sanger’s estimator error is  

3

0 0
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x x
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This error depends on a ; this is due to the fact that the actual local spatial frequency may 
deviate from the filter center frequency.  On the other hand, Fleet’s estimator error is 
expressed as 

3( ) ( )
( )

( ) ( )Fleet

x x
e x a a

x x

f f
f f

æ ö¢¢¢D ÷ç ÷= - = Oç ÷ç ÷ç¢ ¢è ø
 

The error is independent from a . The robustness of Fleet’s estimator compared to Sanger’s 
is mainly due to the improved estimation of the local instantaneous spatial frequency. 

3. NON CONTEXTUAL EVALUATION 

In section A, we present an experiment on the effect of scale on the range of the filter, 
where we highlight the limit of the detectable disparity. The experiments relating to the 
thresholds of filtering in magnitude and frequency are presented in section B. The 
robustness of the algorithms with regard to the difference of contrast and with the 
difference in illumination between the two images are shown in sections C and D 
respectively. The sensitivity to noise is discussed in section E. Finally, let us note that error 
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measures are computed on at least 32000 pixels for each experimental condition, 
corresponding to images of 256x128, undergoing the same shift or the same degradation 
according to the experiment. An example of image used in the experiments is presented in 
Figure 5. The experiments presented in this section take into account the sensitivity of the 
filter to the null frequency. We experienced two versions for each disparity estimator: a DC 
sensitive and a DC cleaned filter. It has been shown that the very low frequencies 
sensitivity of the filter is not desired. The DC cleaned filter is given by: 

2 2
0

02
( )

2 2
0

1
( ; , )

2

x
j x

g x e e
w sw

ss w
ps

- + -
= -  

Only DC cleaned version of the filter is used for multi scale disparity estimation since 
experiments justify this choice. 

 

Fig. 5. Random dots image sample. 

 

 

 

Fig. 6. Left column: relative error. Right column: absolute error and standard deviation for scale of 32 
pixels. Top and middle rows: Sanger and Fleet’s estimators (scales from 8 to 32 pix). Bottom: multi 

scale integration estimator (scales 16, 18, 24, 32 pix). 



J. Automation & Systems Engineering 3-3 (2009): 145-162 
 

 155 

A. Scale effect 

The purpose of this experiment is to determine the maximum detectable disparity with an 
acceptable error with respect to the variation of the scale parameter l . We point out that 
we use a filter with a reduced number of parameters. We use free of noise random images, 
i.e. the same image is shifted by a constant disparity. By setting a constant disparity 
between the two images, we vary the scale l  of the filter in the interval [ ]min max,l l . The 

same procedure is repeated with increasing disparities. In the experiment dealing with multi 
scale estimates, we do not consider all the possible scales. For each scale l , we consider 
only the scales il  in the set { }2, , 2l l- + . The experimentation results are shown in 

Figure 6. The plots correspond to scales between 8 to 32 pixels except for the multi scale 
integration estimator where { }16,18,24, 32l Î . The experiments show that, in practice, all 

of the algorithms have a stability range where the relative error is constant. The stability 
range corresponds to the disparities in the interval [ ]/3, /3l l- . Fleet algorithm has an 

advantage over Sanger algorithm thanks to the following differences: its best local 
frequency estimate; the solution is refined provided some iterations;  the detection of phase 
instabilities. The multi scale integration algorithm has performance comparable with those 
of Fleet and are especially visible at low resolution). Figure 6 shows the mean absolute 
error as well as the standard deviation of the error. We note that the use of a filter without 
DC component provides better performance that those obtained with a regular Gabor filter. 
This remark is also valid for the relative error. A close-up examination of the results reveals 
that the error obtained with Fleet estimator as well as that obtained in multi scale are well 
distributed, centered around 0 and have a bias only for large disparities. Behavior of multi 
scale estimates exhibit an error and its standard deviation which do not vary much with 
respect to l . 

B. Thresholds effect 

Singularities are defined as the locations where the phase is not defined, i.e. where the 
magnitude is too low. In the singularities neighborhood, the phase is very sensitive to the 
scale and space variations. A disparity estimate does not make any sense in these vicinities. 
This is why we use criteria which enable us to be discard these unreliable estimates. These 
criteria can be expressed as follows: 

( )
2

2

1 0 1

'( )
( ) '( )

2 ( )

x
S x x s

x

r
s f w

r

æ ö÷ç ÷= - + £ç ÷ç ÷çè ø
                (6) 

2 2*

( )
( )

x
S x s

r
r

= ³                          (7) 

where 1 2,s s  are constant thresholds and *r  is the maximum value of the magnitude. It is 

important to note that if s1 is chosen small enough and s2 chosen large enough, the density 
of the estimates can be largely affected. In equation (6), it is clear that the more the 
threshold increases the more the error increases. This means that we accept estimates which 
correspond to frequency contents far away from the filter peak frequency. This also means 
that we are accepting estimates within singularities neighborhood, see the second term of 
equation 6, which necessarily increases the error. In equation (7), only the estimates whose 
normalized magnitude is above a threshold are kept. It is possible to adjust a threshold such 
that both the error and the density keep reasonable. In practice, it is possible, up to a limit, 
to choose the parameters according to the desired performance. Figure 7 shows the 
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performance of the algorithms with respect to the thresholds. Multi scale estimation 
improves the density of the disparity maps for both threshold s1 and s2. This is due to the 
fact that the multi scale integration estimator is non linear in the way it selects the best 
disparity and is likely able to provide a valid estimate in each space location. 

 

  

Fig. 7. Threshold effect. Top: Absolute error. Bottom: Relative error. 

C. Contrast effect 

This experiment highlights the effect of the contrast variation on the matching error. It is 
crucial to establish a variation of the matching error with respect to the image contrast for 
stereo images do not have necessarily the same photometrical characteristics. The images 
used in the experiment are made of two surfaces, as the one shown in Figure 5., having the 
same greylevel average. We gradually increase contrast between two surfaces of one of the 
images, the other remaining unchanged. To carry out this experiment, we set a disparity, 
shift the images according to this disparity and vary the contrast of either image by adding 
to each pixel of one of two surfaces c% of its value, thus creating a contrast between the 
two image. In practice, we use the interval [0%,100%]. 

 

Fig. 8. Contrast effect. Absolute error (no DC sensitivity). Disparity is 6 pixels, l = 32 pixels. Left: 
b = 0:5 octave. Right: b = 1 octave. 
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Fig. 9. Contrast effect. Relative error. l = 32 pixels, b = 1 octave. 

In comparison with the performance given in Figure 8, none of the approaches is really 
sensitive to a difference in contrast. We must note that the filter DC sensitivity has no effect 
on the performance as long as the bandwidth is small, b <1. For b = 1, Fleet estimator 
error degrades of about 100% when the image undergoes a contrast variation of 100%. 
Figure 9 shows a comparison of the relative errors. We observe a clear difference between 
the performance of Sanger and Fleet algorithms. The multi scale integration estimator 
yields performance comparable with those of Fleet algorithm when a weak degradation is 
introduced (<20%). Beyond 20%, the relative error is lower than that of Fleet but its 
evolution is identical. 

D. Cameras imbalance effect 

Most of the time, one of the images of the stereoscopic pair is lighter or darker than the 
other. This phenomenon is due to the cameras gain difference. In such case, matching is to 
achieve no matter which algorithm is used. To benchmark the sensitivity of the algorithms 
to the cameras imbalance, we use random texture images. For a given constant disparity, we 
keep varying the greylevels of one of the images by a constant factor. For the experiment 
purposes, we consider a luminosity variation rate between 100% and 400%, so that in the 
last iteration, the modified image has its original values multiplied by 5. The greylevel 
function used is of type: ( ) : ( )(1 %)I x I x c= + , where c has its values between 100% and 

400%. Phase difference-based disparity estimation is rather robust regarding the cameras 
imbalance. We still have an acceptable error for an imbalance sensitivity of 200 %. In 
practice, filters with no DC sensitivity are not sensitive to this phenomenon. Moreover, the 
cameras imbalance effect on the density of the disparity maps is negligible. Cameras 
imbalance does not generate singularities in the scale-space. 

 

Fig. 10. Camera imbalance gain. Absolute error and standard deviation with  2 pixels disparity, l = 
32 pixels and b = 1 octave. 
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E. Sensitivity to noise 

This experiment helps to find out up to what extent the presence of noise in the 
stereoscopic images can influence the performance of phase-based stereo algorithms. The 
images are contaminated with an additive zero mean Gaussian noise. We can control the 
interval to which belong the generated random numbers by varying the standard deviation. 
A standard deviation of 0.1 makes it possible to generate random numbers in the interval [-
0.3,0.3] whereas a standard deviation of 0.33 generates random numbers in the interval [-
1,1]. As a matter of fact, the probability so that a random number generated with a standard 
deviation s  is outside the interval [-3s ,3s ] is almost null since 99.7% of the Gaussian 
energy is concentrated in this interval. We can thus obtain a white noise of any mean and 
standard deviations. In practice, all the algorithms are sensitive to noise. Neither the use of 
DC non-sensitive filter, nor the choice of the parameters has a real effect on the sensitivity 
to noise for in all the cases the error is linear, see Figure 11. However, we note that a 
variation of the scale may have a slight effect on the performance. Figure 11 shows that for 
multi scale estimation, the error follows the same variation as that of Sanger and Fleet 
estimators. Moreover, there are very few differences between the three estimators when DC 
non-sensitive filters are used. 

The multi scale integration estimator average absolute error varies very little with respect 
to the relative bandwidth. As a partial conclusion, we state that the error varies linearly with 
respect to noise. The contamination of a signal by a random noise may give rise to 
singularities in the scale-space. Controlling the occurrence frequency of these singularities 
is not obvious. However, it is possible to examine the evolution of the average relative 
error. Figure 11 shows that the relative error increases slowly when the multi scale 
integration estimator is used. 

F. Relevance of the non-contextual evaluation on real images 

We carried out the non-contextual evaluation on synthetic random dots stereograms, 
Figure 5. The aim of this section is to extrapolate experimental results when real images are 
used. Gabor filter being a bandpass filter, only image frequencies that are around the filter 
peak frequency contribute, in theory, to the disparity estimation. Random dots stereograms 
used in the previous experiments are known to have a constant frequency spectrum, see [6]. 

The interest of using these random images is that they do not contain any monocular 
feature for matching. It is thus legitimate to raise the issue of the validity of these 
experiments on real images, since these latter may have a different spectrum. Trapp et al. 
and Cozzi et al. report that real images present frequency spectra characterized by a 
decrease in 1/w , w  being the frequency. The purpose of the experiments of this section 

are to show that the results shown in the previous sections are still valid and that the use of 
images having different spectra does not affect the general behavior of the algorithms. We, 
thus, expect to obtain similar results on the real images. Figure 14 shows an example of a 
real scene. For the sake of experimentation, we extract two images having a given disparity. 
Then we compare the computed disparity with the reference disparity. The performance on 
real images are distributed around the performance on images with 1/w  spectrum, Figure 

12 left. In addition, the performance on 1/w  spectrum images lie between the performance 

on 21/w  spectrum images and those of random dots stereograms (flat spectrum), see figure 

Figure 12 right. We conclude that the performance on real images are limited by those 
obtained on 21/w  spectrum images and on the random dots stereograms. 
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Fig. 11. Sensitivity to noise with 2 pixels disparity, l = 32 pixels and b = 1 octave. Left: Absolute 
error. Right: Relative error. 

 

Fig. 12. Scale effect. Absolute error with l = 32 pixels. Left: real imagery. Right: random dot 
stereograms and various frequency spectra. 

4. CONTEXTUAL EVALUATION 

This evaluation method is inspired by the work of Nguyen et al. [2]. We situate it within 
the framework of subjective contextual evaluation, for instance view synthesis. For this 
application, we use the perspective projection of a 3D reconstruction either explicit or 
implicit  [7, 8, 9, 10, 11, 12]. Basically, view synthesis is the computation of a new 
viewpoint from at least two reference images. The new image is specified either by its 
viewpoint and the camera parameters or by the knowledge of a minimal number of matched 
points in this view. Our experiment is carried out provided that the position of the virtual 
camera is known. Once the disparity is computed between two images, we provide the 
position and the parameters of the virtual camera on which the explicit 3D structure is 
projected. We consider the scene ”Corridor”. Figure 13 shows the effects of lateral 
translations as well as along the optical axis on the scene ”Corridor”. There exists methods 
in computer graphics to correct errors du to this phenomenon [13, 14]. The synthesized 
views presented show the effects used: displacements along the optical axis, lateral 
displacements and rotations. When the virtual camera moves toward the scene, black spots 
occur due to oversampling, see the rightmost image. 

Figure 14 shows an example on real imagery. First, the disparity is computed from a 
stereo pair. Then, using the CIL calibration data, we compute the 3D structure. This 
structure is projected according to the calibration data of the new viewpoint. The CIL 
provides also a set of 3D points with their image locations. For each pair of pixels in the 
reference views, we compute the error between the provided position and the computed 
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position in the new view. A mean error of 3.93 pixels with a maximum error of 9.57 pixels 
is obtained over 45 points. It should be noted that the camera parameters used for the 3D 
reconstruction might contain errors due to the calibration process. 

   

Fig. 13. Left: lateral translation. Middle: camera moving backward. Right: camera moving forward. 

 

Fig. 14. Castles (CIL). Left: a viewpoint. Right: synthesized view. 

  

  

Fig. 15. The bush scene. Top: displacements along the optical axis. Bottom: rotations. 
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5. CONCLUSION 

In this paper, we presented an evaluation of phase difference-based disparity estimators. 
We analyzed the intrinsic performance of these estimators with respect to the usual 
degradations: scale effect on the estimator range; thresholds effect; contrast effect; camera 
imbalance effect; sensitivity to the noise. With regard to the range experiment, the 
maximum measurable disparity with a filter tuned to the scale [ ]/3, /3l l- up to 

[ ]2 /5,2 /5l l-  in multi scale. In this interval, the relative error remains roughly constant. 

The experiments showed that none of the algorithm is really sensitive to the variation of 
contrast. The performance are equivalent no matter which filter is used as long as the 
bandwidth is small. However, sensitivity to the contrast is increased when filters with large 
relative bandwidth are used. The algorithms proved robustness regarding camera 
imbalance. Filters without DC component still performance better. Finally, the algorithms 
are quite sensitive to noise. The same performance are obtained with all the algorithms no 
matter which filter or which scale or relative bandwidth are used. In the experiments, we 
used images in which all the pixels undergo the same shift. This is why we have got the 
same error at different scales. However, in real images, the disparity varies everywhere in 
the image. The use of a filter tuned large scales could reduce the error in the areas where 
the disparity is constant. On the other hand, the error increases near edges since the filter is 
measuring different disparities at the same time. Even if the criteria of this contextual 
evaluation are subjective, the results show that the disparities obtained could be used in a 
view synthesis context. Finally, we note that we did not consider occlusions nor significant 
geometrical deformations. Although these problems are at the height of the stereoscopic 
image formation process, it is not easy at all to obtain ground-truth allowing the analysis of 
the algorithms. The most widespread image synthesis tools are for monocular vision; there 
exists even less which provides ground-truth such as exact edges, depths, disparities or 
occlusions maps [15]. 
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