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ABSTRACT

There have been several stereo matching methods that per-
form well under the circumstance of color consistency. How-
ever, various factors including radiometric and device vari-
ations between images will drop color consistency and then
seriously degrade the performance of those methods. In this
paper, we propose a robust method to cover these situations.
We use a measurement combining SIFT descriptor in inten-
sity space after color histogram equalization with Normalized
Cross Correlation (NCC) in color invariant log-chromaticity
intensity space to compute the cost of point correspondence.
The measurement ensures that illumination-independent gra-
dient information and color invariant correlated information
are integrated properly. We evaluate our method and find
it outperform state-of-the-art algorithms, in particular on the
datasets for radiometric variations.

Index Terms— Stereo Vision, Image matching, Image
color analysis, Image reconstruction

1. INTRODUCTION

Stereo Matching is a challenging problem in computer vision
community. To compute point correspondence most methods
assume color consistency, which means that corresponding
pixels have a similar color value. However, color consistency
is not guaranteed when radiometric and device variations oc-
cur. Our target is to compute point correspondence beyond
color consistency. An example is shown in Fig. 1.

Image color values can be affected by radiometric and de-
vice variations. Radiometric variations include global inten-
sity change (caused by camera gain and exposure or gamma
correction variation) and local intensity change (caused by
varying light, vignetting and non-Lambertian surface) and
noise [4]. Device variations include different intrinsic param-
eters for real situations and even different devices for internet
images. These variations often occur in general and practical
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settings and seriously degrade the performance of most stereo
matching methods.

For the problem of color consistency, many researchers
resolve it throughout trying to achieve color invariant image
representation. Graham [3] has presented that simple color
histogram equalization (CHE) of image can provide illumi-
nant and device invariant image representation based on the
assumption that rank ordering is maintained (being proven
true for a wide range of illuminants and imaging devices).
SIFT [2] is a local descriptor of image features insensitive to
illuminant and other variants that is usually used as sparse
feature representation.

Fig. 1. Stereo matching beyond color consistency. (a) and (b)
are left and right images. (c) is ground truth of the left image.
(d) and (e) are illuminant and device invariant images corre-
sponding to (a) and (b) after CHE processing. (f) is estimated
disparity map of the left image.

But only a few researchers consider the problem on stereo
matching. Heiko and Daniel [4] have evaluated several pop-
ular stereo matching algorithms (including Normalized Cross
Correlation (NCC), Hierarchical Mutual Information (HMI),
Laplacian of Gaussian (DoG) etc.) on radiometrically dif-
ferent images and found that none of them could handle all
the radiometrical differences well. Yong etc. [5] has pro-
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Fig. 2. Performance improvement by combining SIFT and NCC.(e)-(g) are results for Aloe stereo images(same light source:
(a), Illum1 (exp0), exposure=200ms and (b), Illum1 (exp2), exposure=3200ms). (h)-(j) are results for Aloe stereo images
(different light source: (a), Illum1(exp0), exposure=200ms and (c), Illum3(exp2), exposure=2000ms).

posed Adaptive NCC (ANCC) as matching cost to adaptively
deal with radiometric and device variations. Soon after, the
same authors [6] adopt a much more complicated method
(MI-SIFT) combining Mutual Information (MI) and SIFT de-
scriptor in Log-chromaticity color space to get better perfor-
mance at the cost of computation time, but the performance is
not good enough when local intensity changes.

In this paper, we proposed an efficient and stable method
to robustly estimate the disparity map. We use CHE to restore
color invariance partly and prepare log-chromaticity intensity
space for NCC as the preprocessing step. Then, a matching
cost called SIFT-NCC combining the SIFT descriptor [2] in
intensity space after CHE with NCC [7] in log-chromaticity
intensity space is proposed. We use SIFT-NCC to integrate
the illumination-independent gradient information and color
invariant correlated information, in which the radiometric and
device invariances are ensured. The optimum solution is re-
quired using TRW-S algorithm. Fig. 1 gives a demonstration
of our work. Fig. 1 (e) shows the estimated disparity map of
Fig. 1 (a). Fig. 1 (c) and (d) is the illuminant and device in-
variant image representation of Fig. 1 (a) and (b), respectively,
by CHE.

2. RADIOMETRIC AND DEVICE INVARIANCES

CHE method [3] provides illuminant and device invariant im-
age representation based on the assumption that rank order-
ing is maintained. The rank ordering assumption implies that
CHE method is stable only for global radiometric changes and
partly device variances. For local radiometric changes, the in-
variance is no longer guaranteed. Intensity space after CHE
processing is prepared for SIFT matching cost which is stable
for local radiometric changes.

On the other hand, we can get local radiometric invariance
via transforming the observed color image Ĩk(k ∈ {R,G,B})
after CHE processing to the log-chromaticity color image Îk.
As in [3] and [6], nonlinear color model is defined and log-
chromaticity transformation is adopted to establish a linear
relationship between color values of input images that are
affected by unknown radiometric variations. Here we have
assumed implicitly that CHE processing does not affect the
nonlinear form of the color model but only the parameters.
The assumption is reasonable because CHE is also a nonlin-
ear procedure in nature.

Then, color invariant log-chromaticity intensity space is
achieved as follows.

I
′
=

1

3

∑
k

Ĩk (1)

I
′

is prepared for NCC matching cost. The result is used
without discretization because NCC handles double-precision
data.

3. STEREO MATCHING WITH SIFT-NCC

The performance of stereo algorithms depends on the choice
of matching cost. We propose SIFT-NCC as matching cost.
SIFT descriptor delivers most of local gradient information
and NCC provides local intensity information in color invari-
ant log-chromaticity intensity space. Both of them are stable
in a certain extent. SIFT-NCC integrates almost all the usable
local information in the image pair to get a stable matching
cost. An example of performance improvement is shown in
Fig. 2 for global and local radiometric variant situations.

The procedure in detail is described as follows.
SIFT-NCC consists of two parts: SIFT part and NCC part.

Firstly, we get the L1 distance of SIFT descriptor between
pixel p in the left image and p+ dp in the right image.

Dsift(dp) =∥ vL(p)− vR(p+ dp) ∥ (2)

where dp is the candidate disparity of pixel p, ∥ x − y ∥ is
the L1 distance. We normalize the distance vector for each
pixel to normalize the contribution of SIFT distance in the
combination of the final matching cost as follow

D
′

sift(dp) =
Dsift(dp)−min(Dsift(dp))

max(Dsift(dp))−min(Dsift(dp))
(3)

Then, we define NCC matching cost as

Dncc(dp) = exp(−NCC(p, p+ dp)) (4)

where NCC(x, y) is the NCC score between p and p + dp
in a rectangular neighborhood window, the window is fixed
whose size is 11*11 in our experiment. As the same as the
SIFT part, we normalize the NCC part by

D
′

ncc(dp) =
Dncc(dp)−min(Dncc(dp))

max(Dncc(dp))−min(Dncc(dp))
(5)
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Then, a linear combination is proposed as

Ddata(dp) = D
′

sift(dp) + λD
′

ncc(dp) (6)

where λ is a weighting factor that controls the contribution of
SIFT part and NCC part. We set λ = 1 in all the experiments.

Finally, we use one-dimensional standard Gaussian weight
with a scale factor s on Ddata to get the matching cost
D

′

data.The underlying assumption is that if a minimum corre-
sponds to the true surface, the neighboring pixels should have
near values at a similar depth [8]. We reduce the contribution
of the neighboring depth by Gaussian weight so that the pixel
corresponding to the true surface tends to get final minimum
cost. Fig. 3 shows an example of this situation.

Fig. 3. Combination of SIFT distance and NCC score is fil-
tered by one-dimensional Gaussian weight with scale factor
s=10. True depth tends to be chosen after filtering.

4. OPTIMIZATION UNDER MRF FRAMEWORK

We use MAP-MRF framework, which is proper for most dis-
crete optimization problems, to iteratively optimize the dis-
parity labels. In MAP-MRF framework, the disparity map dp
can be found by minimizing the following energy

E(dp) = Edata(dp) + Esmooth(dp) (7)

where the data energy Edata(dp) and the smooth energy
Esmooth(dp) are respectively defined as

Edata(dp) =
∑
p

D
′

data(dp) (8)

Esmooth(dp) =
∑
p

∑
q∈N(p)

Vpq(dp, dq) (9)

where N(p) are the neighborhood pixels of the pixel p.
We have defined D

′

data(dp) in section 3. For the smooth
cost we use a truncated quadratic cost defined by

Vpq(dp, dq) = µ ·min(| dp − dq |2, Vmax) (10)

The total energy E(dp) is minimized by TRW-S algorithm.
We note that the performance of a matching cost function de-
pends on the optimization algorithm. We have tried others
and found that TRW-S is best for our matching cost function.

5. EXPERIMENT RESULTS

We evaluate the proposed method on middlebury datasets
[1]. Four datasets with ground truth disparity maps including
Aloe, Moebius, Dolls and Art are used. Each dataset has three
different camera exposures(Exp0∼Exp2) and three different
configurations of the light source(Illum1∼Illum3). We show
the performance using Exp0 as the left images and Exp2 as
the right images which are the most challenging situations in
the datasets.

We evaluate the proposed method with other methods
including NCC, ANCC, SIFT, MI-SIFT, which represent
state-of-art performance on the problem, for the most chal-
lenging situations. The parameters of the proposed method
in all the experiments are set as follows: SIFT descriptor is
standard 4*4*8 vector on 16*16 window, the size of NCC
window is 11*11, weighting factor λ = 1, scale factor s =
10, µ = 20, Vmax = 2, TRW-S iterates 30 times. The total
running time of the proposed method does not exceed 3 min.
A typical running time on Aloe third size dataset is 154s
(size: 427*370, depth range: 0∼75, machine configuration:
PC with Pentium-4 2.4GHz CPU, 2GB RAM).

5.1. Different exposures

We fix the light source to evaluate the effects of exposure vari-
ations. The situation reflects global radiometric variants and
partial device variants. Fig. 2 (g) and Fig. 4 (e) (k) (q) show
the performance of the proposed method for huge exposure
variations. More detailed evaluation and comparison with
other methods are shown in Fig. 5(1/1, 2/2, 3/3 for x coordi-
nate). Our method outperforms most of existing methods and
has a tiny advantage over MI-SIFT. Meanwhile, the running
time of the proposed time is only 1/3 of MI-SIFT method.

5.2. Different both exposures and light configurations

We evaluate the proposed method in more challenging situ-
ations including both huge exposure invariants and various
light configuration invariants. The situation reflects global
and local radiometric variants and device variants. Fig. 2 (j)
and Fig. 4 (f) (l) (r) show the performance and more detailed
evaluation are shown in Fig.5(1/2, 1/3, 2/3 for x coordinate).
Our method is more stable in the complicated situations than
all the other methods.

102110211020



Fig. 4. Results of stereo matching test on Moebius, Dolls, Art with varying camera exposures and light configurations. (e) and
(f) is results for (a)(b) pair and (a)(c) pair, similarly, (k) and (l) for (g)(h) pair and (g)(i) pair, (q) and (r) for (m)(n) pair and
(m)(o) pair. (d)(j)(p) are the ground truth disparity maps.

Fig. 5. Quantitative comparisons for exposure and light con-
figuration change. Note that the y-coordinate scale of (d) is
different from the others.

6. CONCLUSION & FUTURE WORK

We propose an empirically efficient and stable method for
stereo matching in challenging situations with various radio-
metric and device variations, especially including local illu-
minant variations.

Future work includes more accurate disparity computa-

tion using subpixel level processing and considering the es-
timation of occlusion area in real situations to improve the
quality for all regions of the disparity map.
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