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ABSTRACT

Stereo matching aims at finding the corresponding pixels
between two images. Most methods in the literatures are
based on pixel intensity comparison. When images are
taken at different illumination conditions or using differ-
ent sensors, it is very unlikely that the corresponding pix-
els will have the same intensity creating false correspon-
dences if it is only based on intensity matching functions
alone. In this paper, a novel hierarchical radiometric in-
variant method is proposed to solve this problem. Pix-
els on different disparity planes in a local window are
assigned the same label as the central pixel to solve the
boundary problem. A more robust mutual information
similarity function is used to compare the similarity of
windows. A hierarchical structure is proposed to reduce
the computational burden caused by using mutual infor-
mation similarity function. Experimental results demon-
strate that both the visual quality and quantitative analysis
of the proposed algorithm outperforms most commonly
used algorithms in the literatures.

1. INTRODUCTION

Stereo matching looks for corresponding pixels between
two images using some similarity functions. By trian-
gulating the corresponding pixels can be converted to a
depth map of the scene and used for 3D reconstruction,
view synthesis, and free viewpoint video applications. In
the past three decades, most stereo matching algorithms
[1] have been proposed based on two assumptions: (1) the
corresponding pixels have the same intensities; (2) the ob-
ject surfaces can be represented by a Lambertian model
which reflects the light in all directions with the same
power. However, the real world is much more challeng-
ing. Since most real-world materials are not Lambertian,
the perceived illumination from different cameras will be
different as it depends on the camera’s viewpoint and il-
lumination conditions. Most of the existing stereo match-
ing methods are based on intensity comparison, indepen-
dently if they use local or global optimization to com-
pute correspondence. Technically, intensity based stereo
matching methods cannot work well if corresponding pix-
els have different intensities and will result in numerous
false correspondences.

In this paper, we propose a novel local stereo match-

ing algorithm which could handle radiometric variance.
Pixels in a window are marked by 3 indexes according to
which disparity plane they are on and the relations with
the central pixel. Mutual Information is used to compare
two bit strings after the 3-index color conversion. The
proposed algorithm runs hierarchically on three levels of
resolutions. The hierarchical structure helps to reduce the
increased computation burden by using a mutual informa-
tion function. Since most correspondences can be found
at low resolution levels, the running time is reduced by 20
times on average. Holes and occlusions are filled using
image inpainting techniques.

The paper is organized as following: Section 2 de-
scribes several commonly used radiometric invariant local
stereo matching methods. Section 3 explains the proposed
algorithm in details and Section 4 compares the results of
our algorithm with six methods in the literature. We also
prove the quality of the our proposed method by evaluat-
ing our results on Middlebury test bed [18]. Finally, we
conclude this paper in Section 5.

2. RELATED WORK

In this section, we introduce some existing local and global
algorithms which are used to handle radiometry variant
stereo matching.

Compared to the general window based stereo match-
ing functions such as: Sum of Squared Differences (SSD)
or Sum of Absolute Differences (SAD), Normalized Cross
Correlation (NCC) works for linear scale changes, espe-
cially if the illuminations in the two images follow a mul-
tiple relation:

NCC(p, d) =

∑
q∈Wp

(IL(q))(IR(q − d))√∑
q∈Wp

((IL(q))2
∑

q∈Wp
(IR(q − d))2)

.

(1)
IL(q) is the intensity of pixel q in the left image. Wp is a

local window centered at p.
Zero-mean Normalized Cross Correlation (ZNCC) uses

the intensity difference of a pixel I and the mean value I ′

in a window to replace the intensity q and q−d in (1), thus
could handle linear scale illumination changes as well as
different offsets. ZNCC could be expressed mathemati-
cally as:



ZNCC(p, d) =∑
q∈Wp

(IL(q)−I′L(Wp))(IR(q−d)−I′R(Wp−d))√∑
q∈Wp

((IL(q)−I′
L
(Wp))2

∑
q∈Wp

(IR(q−d)−I′
R
(Wp−d))

2)
.

(2)

Rank [2] replaces the intensity of a pixel by its inten-
sity rank within a local window centered at itself. The
intensity rank is actually the number of pixels whose in-
tensities are less than the central pixel. Namely,

Irank(p) =
∑

q∈Wp

T [I(q) < I(p)]. (3)

The function T [∗] returns 1 if the argument is true;
otherwise returns 0. Wp is the window centered at pixel
p.

Census [2] first converts each pixel to 0 or 1 follow-
ing Equation (4) and then transforms a window into a bit
string where each bit corresponds to a pixel in the win-
dow. The similarity of two bit strings are measured by
Hamming distance. Namely,

Rp(i) =

{
1, T [I(i) < I(p)].
0, otherwise

(4)

Both rank and census do no rely on the pixel intensity
directly. As long as illumination changes are monotonic,
the rank of a pixel in a window stays the same. Thus,
these are more reliable to match images under different
illumination conditions.

Mutual information[3] was first invented by Shannon
to measure the dependence of two random variables X
and Y . Mutual information is expressed as:

I(X,Y ) = H(X) +H(Y )−H(X,Y ), (5)

where H(X) and H(Y ) means the marginal entropies
of X and Y , H(X,Y ) is the joint entropy. Namely,

H(X) =
∑
x∈X

p(x) log p(x), (6)

H(X,Y ) =
∑
y∈Y

∑
x∈X

p(x, y) log p(x, y). (7)

Mutual information is one of the most popular methods
to measure the similarity of images or signals. Mutual
information have been widely used in image registration
[4] [5] [6] [7] since 1995. In computer vision, Egnal [8]
is the first to introduce mutual information to solve local
stereo matching problem.

In the category of global stereo matching, Kim et al.
[9] regularize mutual information in Markov Random Field
(MRF) framework and use a Graph Cut algorithm to mini-
mize the energy function for global optimization. The pa-
per of Heo et al. [11] is based on the work of Kim et al. [9]
and adds SIFT descriptor to find correspondence. Another
paper of Heo et al. [11] uses Adaptive Normalized Cross
Correlation (ANCC) as the data term in energy function.
Miled et al. [12] estimate the illumination change as a lin-
ear model and formulate the stereo matching problem as

Fig. 1. The flowchart of proposed method

a convex optimization problem. Disparity map is calcu-
lated by minimizing the energy function which is solved
by parallel block iterative algorithm.

3. PROPOSED METHOD

Figure 1 shows the flowchart of the proposed method. The
whole method runs on a hierarchical structure which con-
tains three iterations. The resolutions of the original im-
ages are down sampled to half-size and quarter-size using
a Gaussian pyramid. The first iteration starts from the low-
est resolution. Then, the intermediate scale, and finally, in
the third iteration, the full size images are processed.

The processing at each iteration are similar. We sum-
marize the main processing steps here:

Step 1: Initialization of disparity maps. (Skip this
step in the first iteration.)

Disparity map from previous iteration is used to ini-
tialize the disparity maps in the current iteration. Since
the size of the image in current iteration is 4 times as large
as the previous iteration, the disparity value of each pixel
(x, y) is going to be assigned to 4 pixels (i, j), where
bi/2, j/2c = (x, y). Notice, only those disparity values
marked as correct by cross checking are used for initial-
ization. Leave the other pixels blank.

Step 2: Window selection and comparison. Only
those pixels marked as error will be recalculated. In the
first iteration, all pixels in the images are marked as error.

In window based stereo matching, it is straightforward
that large window includes more details and leads to bet-
ter results. However, the large window also includes pix-
els on different disparity planes (also called bad pixels).



Those bad pixels prevent two windows having high sim-
ilarity even they are centered at a pair of corresponding
pixels. In order to do so we should first detect bad pixels
before comparing two windows. In this paper, we pro-
pose a 3-index color conversion based on census, which
could not only get rid of the dependency on intensities but
also reduce the impact brought by bad pixels. Zhou et
al. [13] suggeste Gaussian weighting function and Yoon
et al. [19] use Gestalt Grouping to classify pixels, but the
color difference is a simpler and more direct metric. Color
difference in RGB color space is used to measure the dis-
tance between a pixel in a local window and the central
pixel. The color difference CD(p, q) is calculated by:

CD(q, p) =
√

(Rq −Rp)2 + (Gq −Gp)2 + (Bq −Bp)2.
(8)

p is the central pixel in a window while q is another
pixel in the same window. As described in Equation (9),
if the CD is equal or lower than the threshold, we assume
that this pixel is on the same disparity plane as the cen-
tral pixel, and then divide them into 0,1,2 according to
whether their colors are less, equal, or greater than the
central pixel. If the CD is greater than the threshold, we
assume that this pixel is from another disparity plane. Those
pixels are marked as 1 as they have the same color with the
central pixel. The function I(p) represents the color of p.

pixel(j) =


0, if Iref (j) > Iref (p)&CD <= threshold
1, if Iref (j) = Iref (p)&CD <= threshold
2, if Iref (j) < Iref (p)&CD <= threshold.

1, ifCD > threshold
(9)

In this classification, the bad pixels are marked the
same index as the central pixel as they are on the same
disparity plane. Hence, two corresponding local windows
on boundaries will look similar because all bad pixels in
both windows are indexed by the same number. Moreover,
the 3-index color conversion assigns the same index to the
corresponding pixels in differently illuminated images as
long as the illumination change is monotonic.

In addition,after the 3-index conversion, census trans-
forms two windows into bit strings which are compared by
Hamming distance. However, the Hamming distance only
simply counts how many pixels are different, we suggest
using mutual information which is a more precise mea-
surement of information distance [17] as it is based on
the entropy and explore the probability distribution. Cor-
responding pixels should have the maximal joint entropy.
Figure 2 is an example showing the results using Ham-
ming Distance (HD) or Mutual Information (MI) to com-
pare bit strings in census.

Step 3: Post processing. The disparity maps are both
smoothed by using a median filter in order to get rid of
those too white or too dark noises. Pixels are marked as
“correct” or “error” by cross checking [14].

Step 4: Holes filling. This step is only executed after
the last iteration.

(a) HD (b) MI (c) groundtruth

Fig. 2. Similarity comparison: HD vs. MI.

(a) inpainting (b) interpolation (c) groundtruth

Fig. 3. Holes filling by interpolation and inpainting.

Some view of the 3D world can only be captured by a
single camera; therefore, those parts cannot find the cor-
responding parts in the other image. This is called the oc-
clusion. In global stereo matching, the occlusion parts are
assigned disparity values by minimizing an energy func-
tion. In local stereo matching, the disparities in the oc-
clusions are usually replaced by the background dispari-
ties, or the disparities of the closest pixels, or interpolate
from the neighboring pixels. However, without precisely
estimated 3D geometry, simple replacement or interpola-
tion must cause lots of artifacts. Besides occlusions, there
are also some mismatched pixels which need to be cor-
rected. We find that the disparity map could be thought
as the color texture. Each disparity plane has its own tex-
ture. Therefore, we use the most popular one - exemplar-
based in-painting [16] to fill those holes (occlusions and
mismatches). Each pixel in the holes is replaced by the
pixel with the most similar surrounding patch. Figure 3
is a comparison of holes filled by interpolating the neigh-
bor pixels and in-painting algorithm. There are obvious
streaks in Figure 3(b) caused by interpolation while the
disparity map of Figure 3(c) is smoother and continuous.

4. EXPERIMENTAL RESULTS

We use the Middlebury database [15] for testing our al-
gorithm and rank its results compared to the best algo-
rithms found in the literature.The results will be compared
in three aspects: visual, quantitative, and speed. We will
demonstrate that our method produce some of the best re-
sults without a huge reduction in processing speed.

4.1. Comparison of Visual Quality

Seven local stereo matching algorithms are compared in
this section: SAD, rank, census, NCC, ZNCC, mutual
information [8], and the proposed algorithm. Figure 4
shows three test images in different illumination condi-
tions. The right images are set as reference images. For



Table 1. Quantitative analysis using MAE measure
aloe baby book wood art moebius cloth reindeer

SAD 18.98 22.97 25.95 24.54 11.53 11.48 17.87 14.65
Rank 9.67 9.79 13.13 3.25 9.97 15.53 30.07 7.05

Census 13.36 9.81 13.28 6.29 11.59 16.01 23.95 11.26
NCC 4.28 4.19 2.74 3.54 8.60 5.12 1.80 6.31

ZNCC 4.58 4.23 6.35 9.02 8.19 5.49 3.86 5.49
Mutual Information 2.16 3.67 3.70 11.31 7.29 3.75 0.44 9.23

proposed 0.77 0.8 0.98 2.52 1.53 1.24 0.06 1.97

(a) aloe left (b) art left (c) book left

(d) aloe right (e) art right (f) book right

Fig. 4. Test images at different illumination conditions.

all the methods used in the comparison, we set a window
size of 25 pixels and use a winner-takes-all to choose the
corresponding pixel. The threshold for color distance is
set to 5. The results of test images are illustrated in Figure
6, Figure 7, and Figure 8. The SAD algorithm totally re-
lies on intensities and thus does not work at all. It is clear
that our method is visually the best for all test images.
Among other methods that work well, NCC and ZNCC
work better for Art and Book images. Mutual information
is the best for the Aloe images.

In addition, our local method are also competitive with
some of the global illumination invariant stereo matching
methods , such as ANCC [10] we mentioned in Section 2.
We compare these two algorithms in Figure 5. Ours is vi-
sually better and the speed is 40 times faster than ANCC.

4.2. Quantitative Results Analysis

In order to prove the effectiveness of our proposed method,
we evaluate more image sets quantitatively by Mean Ab-
solute Error (MAE) and error ratios. MAE measures the
mean absolute error between computed disparities and ground
truth [12] provided by the Middlebury database:

MAE = (
∑
i,j

|G(i, j)−D(i, j)|)/N. (10)

G(i, j) is the ground truth disparity of (i, j) and D(i, j)
is computed disparity value. N is the number of all pixels
with computed disparities. The quantitative results are list
in Table 1. Table 1 shows the proposed methods have the
least error compared with ground truth. Mutual Informa-
tion is better than NCC and ZNCC except for Wood and

(a) ANCC (b) Proposed (c) groundtruth

Fig. 5. Results comparison of ANCC and proposed
method

Reindeer images. NCC and ZNCC have the similar error
ratios and rank the third. Rank and census play the fourth
role. SAD does not work for all cases.

Table 2 is the error ratio (the percentage of wrong dis-
parities compared to the ground truth) of the proposed
method compares to some of the classic methods on Mid-
dlebury test bed [18]. The result of Tsukuba is the best
one among four test images.

4.3. Comparison of Running Time

Mutual information is computationally expensive and large
window makes it worse. Fortunately, our algorithm starts
from quarter-size images, thus the search range is reduced
significantly. For example, if the search range is set to 60
in the full size image, it equals to 15 in the quarter-size
image. Most correspondences could be found in lower
resolution levels. Compare to the proposed without hier-
archical structure, the time is reduced on average by 20
times. The codes run on a laptop Thinkpad T400 with
Intel(R) Core (TM) 2 Duo CPU, 2.4GHz and 2GB RAM.
The running time comparisons are listed in Table 3. Those
numbers mean the processing time of a certain algorithm
is how many times of the proposed method in average.

5. CONCLUSION

This paper introduces a novel stereo matching method ca-
pable of dealing with radiometric variance. Mutual in-
formation is employed to find correspondence after the 3-
index color conversion. The hierarchical structure guar-
antees the high matching quality while its computational
burden. The experimental results prove that the proposed
method produces the best disparity maps and its speed is
also the fastest in all test cases.



Table 2. Error Ratio on Middlebury
Tsukuba Venus Teddy Cones

nonocc all disc nonocc all disc nonocc all disc nonocc all disc
AdaptingBP 1.11 1.37 5.79 0.10 0.21 1.44 4.22 7.06 11.8 2.48 7.92 7.32

GeoSup 1.45 1.83 7.71 0.14 0.26 1.90 6.88 13.2 16.1 2.94 8.89 8.32
Proposed 0.99 1.13 5.20 3.97 4.55 14.1 5.96 10.4 15.5 4.77 10.2 11.5

AdaptWeight 1.38 1.85 6.90 0.71 1.19 6.13 7.88 13.3 18.6 3.97 9.79 8.26
GraphCut 1.94 4.12 9.39 1.79 3.44 8.75 16.5 25.0 24.9 7.70 18.2 15.3

DP 4.12 5.04 12.0 10.1 11.0 21.0 14.0 21.6 20.6 10.5 19.1 21.1

Table 3. The Comparison of Running Time (times)
Rank Census NCC ZNCC Mutual Information proposed without hierarchical structure

proposed 1.7 2.7 1.52 1.31 9.61 20.21

(a) SAD (b) Rank (c) Census (d) NCC

(e) ZNCC (f) MI (g) proposed method (h) ground truth

Fig. 6. Result comparison of ”aloe” in different illuminations

(a) SAD (b) Rank (c) Census (d) NCC

(e) ZNCC (f) MI (g) proposed method (h) ground truth

Fig. 7. Result comparison of ”art” in different illuminations



(a) SAD (b) Rank (c) Census (d) NCC

(e) ZNCC (f) MI (g) proposed method (h) ground truth

Fig. 8. Result comparison of ”book” in different illuminations
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