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Abstract— The paper aims at characterizing the role of camera
capture process in depth quality estimation by stereo-matching
methods. An evaluation software application has been developed
which integrates a modular image processing pipeline (IPP) into
the  depth  estimation  process.  The  application  allows  for
simulating the presence of camera-specific processing artifacts
and their influence on the captured stereo imagery in typical
imaging scenarios. Furthermore, it allows for benchmarking
and optimizing both the depth estimation module and camera
capture settings for a jointly-optimal performance.

I. INTRODUCTION

Nowadays, consumers have expressed growing interest in
stereo imaging and first camcorders, compact cameras and
mobile de-vices equipped with stereo snappers have emerged
to the market. A typical stereo imaging system consists of two
aligned sensors, which capture synchronously a scene from
two perspectives into a stereo image pair. The captured data
might undergo a rectification post-process for ensuring
horizontal parallax only images. Another possible task is to
perform stereo matching for subsequent depth estimation. The
output depth data can be utilized for rendering new virtual
views for multi-view displays or for providing geometrical
information about the scene in applications, such as machine
vision, games, and augmented reality. In all cases, the quality
of depth estimation plays a significant role.

Depth estimation methods based on stereo matching have
been extensively studied during last decades and
methodologies for their comparisons and ranking have been
proposed [1]. However, recent state of the art depth estimation
algorithms are ranked only by their quality performance on
test scene content assuming ideal imaging conditions with
perfect (mechanical) camera alignment and presence of no
capture artifacts. Subsequently, many of the benchmarked
methods showing good performance on well-composed test
scenes dramatically fail if tested on real-world captured scenes
(i.e. capture data degraded by an IPP). The problem is
illustrated in Fig.  1. A dynamic programming approach has
been applied for depth estimation to two stereo images. Very
good depth estimation result has been obtained for the
“Tsukuba” stereo image, while the estimated depth of the real
scene contains artifacts.

a)                                                 b)
Figure 1. Real-time depth estimation of benchmark and real captured scene:

a) “Tsukuba” test set, b) real-case   camera capture
This discrepancy imposes the problem of evaluating the

importance of camera settings and IPP parameters for the
quality of estimated depth. IPP parameters include auto-white
balance (AWB), analog gain, contrast, gamma correction,
compression, etc. They are influenced also by sensor noise,
optical imperfections of the lenses system, mechanical shifts,
de-calibration of stereo camera parameters and inaccuracies in
the subsequent camera rectification. Variations in the above-
mentioned parameters and settings lead to visually similar
stereo pairs with very different estimated depth maps. The
motivation of the present work is to propose a systematic way
of evaluating the influence of these factors for fairer
comparison of depth estimation algorithms aimed at real scene
capture.

Application tools for analyzing stereo scenes are already
available [2]. In our previous work, we have analyzed the
influence of camera misalignments on the quality of depth
estimation [3]. As a further step, the present work at
developing an evaluation framework for analyzing the effects
of camera IPP settings on the quality of stereo matching and
depth estimation methods.

In our proposed test framework a real-world stereo
imagery is simulated. This includes the availability of ground
truth scene geometry combined with modeling and simulating
of customized IPP and corresponding processing noise of a
real device. The influence of each stage of image capture and
processing on the depth estimation quality is quantified by
large set of experiments.

The paper is organized as follows: Section II provides
technical details on the implementation of the assumed IPP,
while Section III describes the test framework. Section IV
presents some experimental results and Section V concludes
the work.



Figure 2. Camera capture model of implemented test framework

II. CAMERA CAPTURE MODEL

We consider a stereo-camera capture model, which covers
the process of scene imaging including a “general-case IPP”.
We aim at modeling a broad set of effects due to Stereo
Topology Setup, Optical System, Sensor Device, IPP, Post-
Processing Software, manual device controls, and studying
their influence on different stereo matching methods as
illustrated in Fig. 2.
A. Image Processing Pipeline Model
We have adopted a standard IPP model for 2D capture [4]
and implemented the following processing stages (Fig. 3):
1 Bayern Raw Data Creation à 2 Impulse Noise Reduction à 3 Sensor
Noise Reductionà 4 Sensor Linearization à 5 Green Balancing à 6 Auto-
White Balancing (AWB) à 7 Color Filter Array(CFA) Interpolation à8
Color Space Conversion & Color Calibrationà 9 Vignetting Removalà 10
Gamma Correctionà 11 Lens Distortion Correctionà12 Sharpening à 13
Manual Settings(brightness, sharpening, contrast, saturation, etc.) à 14 Re-
sampling & Compressionà 15 Image Output

B. Software Realization
The software is organized as follows: a GUI unit starts the
application and provides default initialization of camera
model parameters such as stereo system topology, camera
intrinsics, capturing artifacts, IPP configuration and camera
manual controls. The user configures desired evaluation
scenario and executes the process of modeling. Rendered 3D
scenes are provided by a POV-Ray script. The control unit
models the sensor by synthesizing the Bayern pattern and
adding sensor-specific noise and the resulted raw data is
stored. Depth estimation algorithms are developed using the
OpenCV library [5].

III. TEST PREPARATIONS

For each test scenario, the same scene has been considered,
while varying capture settings, levels of noise influence and
misalignments. The test scene was designed with the aim to
resemble the size, object composition and texture complexity
of some widely used test scenes (e.g. Sawtooth, Venus,
Poster, and etc.) [1]. The resemblance was judged by
matching the performance of selected depth-from-stereo
methods. We have considered the same disparity ranges by
proper choice of stereo-baseline and photorealistic content.
The rendering settings and misalignment modeling are the
same as the ones described in [3].

Figure 3. Processing stages of implemented test IPP model

Figure 4. Software framework modules

A. Image Processing Pipeline Model
For each scene we have created a ground truth depth (GT) in
terms of map of stereo disparities and occlusions. Then, we
have estimated the geometric relations between all generated
stereo pairs. Estimations are used for stereo-rectification and
projective and motion compensation. Non-rectified and
rectified stereo pairs are evaluated against different stereo
correspondence methods and results are compared against GT
for non-occluded scene parts (Fig. 5).

  a)                                               b)
Figure 5. Rendered data examples: a) Original and reproduced Sawtooth

scene, b) original and “IPP-processed” output scene

B.  Stereo Matching Methods
We have selected four stereo matching methods as state-of-
the-art representatives of different groups and with different
quality and execution time: Block-Matching (BM) [6],
Dynamic Programming (DP) [7], Graph-Cuts (GC) [8], and
Belief Propagation (BP) [9].  We  have  tuned  the  realizations
of those methods for our test scenes until optimal quality of
depth map was obtained.
C. Evaluation metrics
We use two measures to assess the error between computed
disparity map and ground truth map - Root-Mean-Squared
(RMS) error and percentage of Bad Matching Pixels (BAD).
We also employ a simple left-to-right consistency metric,
where Peak Signal-to-noise Ratio (PSNR)  is  measured  on



similarities of projected right image to the left one. The used
quality measures are given in Table I:

TABLE I.
Method BAD[%] RMS PSNR[dB]

BM 7.326 12.1 26.52
DP 4.079 6.796 34.64
BP 0.771 3.97 39.51
GC 0.249 1.908 40.88

D. Test Scenarios and Noise Influence Model
In tests, we consider noise artifacts that are similar or smaller
to acquisition settings of a high quality capturing prototype.
The noise is added by the following procedure: render stereo
content, introduce lens distortions and optical blur, “Raw
Bayer”-ing data, adding sensor noise, IPP process
parameters, manual settings compression and output.

The stereo content is rendered upon misaligned stereo
camera topology of different baselines for ranges that are
expected in camera shifts of rectified real stereo camera
device [3].We include optical lens distortions of radial and
tangential type which were estimated of those in real mobile
lens system by toolbox available in [10]. An optical blur and
sensor shade (”vignetting”) effect are also considered. We
simulate the Bayern Raw Data creation by combining pixels
of color channels in RGBG order from the scene input image
and adding value of pedestal charge to all sensor pixels. We
have tested the consistency of this approach by comparing
output of empty IPP process for such sensor, which showed
the same image content as our scene input.  A sensor model
of photon-shot noise and impulse noise influence was
referenced in [11] and we have adopted the empirically
estimated levels there for different analog gains. Finally, we
compress the data with standard compression algorithm by
applying same or smaller compression levels of those used in
manual settings of some camera devices (e.g. in Nokia N95).

IV. EXPERIMENTS

We have developed a set of experiments which provide
insight about how the quality of current stereo matching
algorithms for depth estimation is influenced by a single or
combination of different camera capture settings. Our
experiments produced a significant amount of experimental
data. To keep things consistent, in this paper we concentrate
only on results characterizing all IPP module combinations in
the following three test scenarios:

· No Noise, No Mechanical Misalignments (Test 1)
· Noise, Misalignments (Test 2)
· Noise, No Mechanical Misalignments (Test 3)
The experiments have been aimed at showing the

possible expected influence of IPP on depth estimation
quality. We provide figures about the quality of depth
estimation assessed through the evaluation metrics presented
in Sub-section III.C.
A. Experiments of IPP configuration influence
For this group of experiments we test all possible “switch
on/off” combinations of modules from a standard IPP module
chain by keeping processing position of switched modules. A
binary notation of 9-bit number  is  used  to  represent  the

switch mode of each of modules when particular IPP
combination is tested. In this case, for 9 IPP modules we
perform 512 tests which cover all possible combinations. The
experiment index of those tests gives information of the
tested IPP chain mode. Table III shows an example of tested
combination, where the following notation is used: Imp –
Impulse Noise Correction, DN – Denoising [12], Lin –
Linearization, Vg - Vignetting, NR – de-Bayering and Noise
Reduction, AWB – Auto-White Balancing, sRGB – Color
Calibration, G – Gamma Correction, Sh – Sharpening.
B. Results
The results show observable deviation of the output depth
quality for the selected algorithms, which in some cases
provide better estimation background, than depth from
original non-IPP processed GT input (Fig. 6-7). The resulted
minimal and maximal values are given for the tests in Table
II. The chosen metrics coincide in behavior for different IPP
combination, but show different drop of quality for the
chosen selection of stereo-matching methods. For example,
we received some surprising results of BP, which shows an
unexpected drop of performance for a number of IPP module
combinations. Other methods provide small deviations in
BAD and RMS errors and about 12dB deviation in PSNR
results.  There  is  also  another  surprising  result  that PSNR
results for GC and BP sometimes exceeds those obtained in
noise free non-misaligned environment. We attribute such
behavior to the effect of optical blur, i.e. that optically blurred
content (to some small extent) could improve the quality of
depth estimation.

TABLE II.
BM DM BP GC

Te
st

1

Min - BAD[%]
Min - RMS[Less is Better]

Max - PSNR[dB]
Max - BAD[%]

Max - RMS[Less is Better]
Min - PSNR[dB]

4.25
9.15

27.53
8.78

12.86
16.26

2.5702
4.7

33.92
5.96
7.78

22.34

0.6645
3.80

38.36
26.47
18.41
22.47

0.11
1.14

39.15
0.88
3.27

22.55

Te
st

2

Min - BAD[%]
Min - RMS[Less is Better]

Max - PSNR[dB]
Max - BAD[%]

Max - RMS[Less is Better]
Min - PSNR[dB]

20.92
14.50
28.81
45.57
16.94
19.98

4.03
5.66

35.14
8.99
8.19

23.78

1.73
4.84

38.93
45.13

25.7
24.22

0.46
2.34

23.88
6.63
8.73

23.88

Te
st

3

Min - BAD[%]
Min – RMS [Less is Better]

Max - PSNR[dB]
Max - BAD[%]

Max – RMS[Less is Better]
Min - PSNR[dB]

7.86
12.69
29.01
11.05
15.12
19.85

3.17
5.37

34.51
9.004

8.83
25.44

1.04
4.27

41.30
32.43
19.98
26.28

0.38
2.16

42.15
1.58
3.38

26.12

It is easily observed that standard configuration of IPP
chain that is optimal for 2D capture is not optimal for depth
estimation. Moreover, for the three tested scenarios, we found
different configurations of best performance for our
collection of stereo matching methods. Other observable fact
is that, the best combination does not coincide for different
evaluation metrics, which is important for certain depth
applications. We have selected those configurations for which
each evaluation metric provides best result, then we applied
winner-takes-all ranking, and selected those configuration
which had higher ranking. The resulted optimal configuration
for noisy real-world scenario for Test 2 is given in Table III:



TABLE III.

Test Index 309, (9-bit) Binary Representation – 100110100
Imp DN Lin Vg NR AWB sRGB G Sh
ON OFF OFF ON ON OFF ON OFF OFF

Our results are instructive about that any depth camera
system should adapt its IPP chain for particular depth
estimation approach. On the other side, the depth estimation
task should take into account the IPP influence of particular
camera setting and to be optimized for parameters and even
change the search approach for expected noise levels and
misalignments in different capture conditions. Comparing the
results obtained from Tests 2-3 (Fig.  6-7,  Table  III), we
observe  a  significant  drop  of  quality  in  some  of  depth
estimation methods (BM, BP). This shows that even when the
stereo system is almost ideally calibrated for misalignments,
the IPP influence should be taken into account and
configured properly.

V. CONCLUSIONS

In this work, we have proposed a framework helping to
investigate objectively the effect of real-world scene capture
on depth estimation quality. Our framework is useful for
evaluating the behavior of particular stereo matching
technique in given (or assumed) noisy conditions. The benefit
of such evaluation is that it gives additional information to
current “scene content-oriented” benchmarks about how both,
an imaging process and depth approach could be adapted or
optimized for better and more robust performance in real-case
capturing environment. We have supported the importance of
such additional evaluation by a demonstration of few results
obtained by the proposed test framework. Even for that small
excerpt of obtained data, significant changes of quality are
clearly observed compared to results of non-camera
processed benchmark scenes.
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Figure 6. BAD Results for: a) BM, b) DP, c) BP, d) GC
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Figure 7. PSNR Results for a) BM, b) DP, c) BP, d) GC


