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Abstract: Reliable and efficient stereo matching is a challenging task due to the presence of
multiple radiometric variations. In stereo matching, correspondence between left and right images
can become hard owing to low correlation between radiometric changes in left and right images.
Previously presented cost metrics are not robust enough against intensive radiometric variations
and/or are computationally expensive. In this work, we propose a new similarity metric coined
as Intensity Guided Cost Metric (IGCM). IGCM turns out to significantly contribute to the
depth accuracy by rejecting outliers and reducing the edge-fattening effect in object boundaries.
IGCM is further combined explicitly with a color formation model to handle various radiometric
changes that occur between stereo images. Experimental results on Middlebury dataset show
13.8%, 22.8%, 20.9%, 19.5 % and 9.1% decrease in average error rate compared to Adaptive
Normalized Cross-Correlation (ANCC), Dense Adaptive Self-Correlation (DASC), Adaptive
Descriptor(AD), Fast Cost Volume Filtering (FCVF) and Iterative Guided Filter (IGF)-based
methods, respectively. Moreover, using integral images IGCM can achieve a speedup of 20x, 6x,
41x, 25x and 45x compared to the aforementioned methods.
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1. Introduction

Stereo matching has been used in numerous real-life applications such as robotics, 3D movies,
depth-based scene segmentation, depth-based selective focus. The disparity in stereo images
is used to estimate depth of the scene. Disparity estimation process generally consists of four
steps: cost generation, cost aggregation, disparity computation and disparity refinement [1]. Cost
generation is the first and most important step as rest depends heavily on accuracy of initial cost.
Most stereo matching algorithms are based on the assumption that corresponding pixels in

stereo images have same value. Hence, simple cost generation metrics such as Absolute Difference
(AD) can generate reasonable quality disparity maps. In real scenarios, however, this assumption
does not hold owing to various factors [2] such as radiometric changes including illumination and
exposure variations. In a Lambertian model, pixel intensity depends on the direction of incident
light and that of surface normal. Different color values are obtained as angle between incident
light and surface normal changes. Moreover, reflected light from different objects exhibit different
spectral characteristics under various illuminant colors resulting in differences in corresponding
pixel values in stereo images. These issues are more evident in such applications as aerial imaging.
Moreover, slightly different exposure settings can produce color changes because different amount
of photon is incident on the camera. It has also been seen that even stereo images taken under
controlled environment show variations in color values [2].
Under radiometric variations such as the ones mentioned above, performance of most stereo

matching algorithms can be severely degraded. Typical stereo matching techniques such as sum of
absolute differences or sum of squared differences are based on color consistency assumption. The
matching accuracy is degraded severely when intensities across stereo images are not equal. Thus,
there is a need for specialized similarity metrics that can better handle radiometric differences
among stereo images.

Hirschmuller et. al. [2] evaluated multiple cost metrics such as Bilateral Subtraction (BilSub),
Census Transform (CT), Hierarchical Mutual Information (HMI), Normalized Cross-Correlation
(NCC) and Zero-mean Normalized Cross-Correlation (ZNCC) under various radiometric vari-
ations. Further, some recent techniques have also been proposed for stereo matching in radio-
metrically varying circumstances. These include support weight with motion flow [3], Adaptive
Normalized Cross-Correlation (ANCC) [4], Histogram of Oriented Gradients (HOG) [5], keypoint
extraction [6], Dense Adaptive Self-Correlation (DASC) [7], Adaptive Descriptor (AD) [8],
Sum of Informative Edges (SIE) [9] and subjective perception based techniques [10]. All these
approaches are, however, targeted to solve specific problems and result in severe degradation for
widely varying real-life situations. Further, high computational complexity of these cost metrics
makes real-time stereo matching difficult especially for high resolution images. In addition, a
thorough experimental evaluation of these methods, for example using the latest Middlebury
2014 dataset comprising more complex real datasets [11], is not available.

Edge-aware stereomatching schemes, first proposed in [12], have produced very accurate results
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(a) Left Image (b) Right Image

(c) Matching cost in A (d) Matching cost in B (e) Matching cost in C

Fig. 1. Matching Cost Comparison. Left and right images show spatially variant intensity
transformations. Results of different matching costs computed along scan-lines passing
through regions A, B, C are shown in Figs. (c)-(e), respectively. Unlike conventional
methods, IGCM yields more reliable global minimum and better selectivity.

by preserving depth discontinuities. ANCC is another edge-aware stereo matching scheme which
generally generates reliable cost under various radiometric variations. Most of such approaches
are, however, typically computationally expensive, resulting in slow speeds. In [13,14] guided
filter [15] is used but for cost aggregation while SAD and CT are used as cost metrics, hence
their proposed method cannot compensate very well for radiometric variations.

In thiswork, we propose IntensityGuidedCostMetric (IGCM)which exploits the computational
simplicity and edge-adaptive features of guided filtering for cost generation. IGCM can handle
radiometric differences while better preserving depth discontinuities at object boundaries as seen
in Fig. 1. IGCM yields true global minima with better selectivity than conventional approaches.
Moreover, we have shown that IGCM can be implemented using integral images resulting in fast
stereo matching.

2. Literature review

Sum of Absolute Differences (SAD) and Sum of Squared Differences (SSD) are simple matching
costs based on color consistency assumption. They are therefore, not optimal choices for stereo
matching under radiometric variations. A comprehensive survey of different cost evaluation
metrics under different illumination conditions, exposures and gamma correction is provided
in [2]. The analysis showed no single cost metric can perform optimally in all conditions. There
are, however, four cost metrics which showed promising results. Bilateral Background Subtraction
(BilSub) gave best results when radiometric differences are not too large. Census transform along
with Hamming distance-based matching cost showed good results under all conditions but failed
in presence of high noise. Hierarchical Mutual Information (HMI) had problems under vignetting
and lighting changes. Zero Mean Normalized Cross Correlation (ZNCC), which compensates for
mean offset as well as scale difference, blurred object boundaries as expected.
The object boundary blurring by ZNCC is compensated for by Adaptive Normalized Cross

Correlation (ANCC) [4], where bilateral weights are used in conjunction with ZNCC. Their
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method, however, consumes significant time in computing bilateral weights and iterative global
minimization of energy function.
In [5], Histogram of Oriented Gradients (HOG) was used to compare two stereo images.

HOG-based cost metric shows better matching results for cross-spectral stereo matching but
does not consider factors such as illumination and exposure variations. Dense Adaptive Self-
Correlation (DASC) for multi-spectral stereo correspondences [7] utilizes self-similarity to build
a 3D edge-aware descriptor. For disparity estimation purposes it utilizes a global optimization
based on graph cuts on top of DASC descriptor. Computational complexity makes it inappropriate
for real-time dense depth map estimation. An adaptive descriptor based on entropy and histogram
specification is proposed in [8]. The descriptor adapts to various radiometric differences between
stereo images resulting in good quality depth maps but computational complexity is still a problem
in this approach. Recently, a combination of brightness constancy measure and edge similarity
measure is proposed [9] for matching multi-spectral images. Although basic cost metric is simple
making it suitable for real-time performance, gain is iteratively adjusted using the proposed cost
metric. The overall depth estimation framework is therefore, not fast enough. Moreover, it is not
robust against large brightness variations due to specular reflections.
It should be noted that guided filter based weighting scheme has been used in stereo based

systems such as Fast Cost Volume Filtering (FCVF) [13] and Iterative Guided Filtering (IGF) [14]
but they have used it for cost aggregation purposes while utilizing simpler cost metrics such
as SAD and combination of SAD and CT. To the best of our knowledge this is the first work
combining such weighing scheme implicitly in the cost generation process. This results in
simplifying next stages in pipeline such as cost aggregation and disparity refinement.
In summary, although efforts have been made to solve radiometric variations problem in

stereo matching but most of the works target just one or two specific problems like low exposure
variations and performance is not as good in other situations. On the other hand, more reliable
stereo systems under radiometric variations are too complex for real-time depth extraction. Our
proposed cost metric along with a heuristic aggregation scheme gives reliable disparity estimation
results in the presence of radiometric differences between stereo images. Moreover, computational
simplicity allows us to estimate dense disparity maps in real-time even for high resolution images.

3. Background

Human visual system separates illumination and reflectance components in a scene automatically.
Color constancy algorithms try to do the same but estimating illunimation in a given scene is a
complex task because color constancy problem is ill-posed. The other approach is to make the
model independent of lighting conditions and imaging devices. This is known as color invaraiant
approach which deals with Lambertian and non-Lambertian reflectance effects. We assume that
image is taken by a linear imaging device. In other words, image acquisition process is linear. A
nonlinear transformation, gamma correction, is applied to compress the dynamic range. Further,
assume reflectance model is Lambertian and spectral response function is Dirac delta function.
Then, color formation model for the pixel p is given by

©«
RL(p)
GL(p)
BL(p)

ª®¬→ ©«
ρL(p)aLRγLL (p)
ρL(p)bLGγL

L (p)
ρL(p)cLBγLL (p)

ª®¬ , (1)

and ©«
RR(p + d)
GR(p + d)
BR(p + d)

ª®¬→ ©«
ρR(p)aRRγRR (p + d)
ρR(p)bRGγR

R (p + d)
ρR(p)cRBγRR (p + d)

ª®¬ , (2)

where L and R indicate quantities associated to left and right images, respectively. Here, ρi(p),
for i = L, R is the brightness factor for p and γi , for i = L, R is an exponent specific to each
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camera. The constants ai , bi and ci , for i = L, R are global scale factors for red, green, and blue
channels, respectively.

Without loss of generality, only red channel value is considered here. According to Eq. (1) and
Eq. (2), corresponding color values from left and right images are non-linearly related to each
other since γL and γR are different. Taking logarithm of the images, we can describe left and
right transformed color values, R′L(p) and R′R(p + d), as

R′L(p) , log{ρL(p)aLRγLL (p)} (3)
= log ρL(p) + log aL + γL log RL(p), (4)

and

R′R(p + d) , log{ρR(p + d)aRRγRR (p + d)} (5)
= log ρR(p + d) + log aR + γR log RR(p + d), (6)

where ρ in each pixel position depends on the direction of lighting vs. surface normal. To
eliminate log ρ, we subtract color values at each pixel from average of the transformed color
values in R, G and B channels, computed as

I
′
L(p) ,

R′L(p) + G′L(p) + B′L(p)
3

(7)

= log ρL(p) +
log aLbLcL

3
+
γL(log RL(p)GL(p)BL(p))

3
. (8)

Each color value after subtracting I
′
L(p) from R′L(p) at each pixel becomes

R′′L (p) , R′L(p) − I
′
L(p) (9)

= log
aL

3√aLbLcL
+ γL log

RL(p)
3
√

RL(p)GL(p)BL(p)
. (10)

(11)

This can be written as
R′′L (p) = αL + γLKL(p), (12)

where
αL , log

aL

3√aLbLcL
, (13)

KL(p) , log
RL(p)

3
√

RL(p)GL(p)BL(p)
. (14)

Similarly, corresponding pixel value R′′R(p + d) is represented by

R′′R(p + d) = αR + γRKR(p + d). (15)

We have used log-chromaticity color space given by Eq. (12) and Eq. (15) in combination
with raw RGB colorspace because of proven robustness of log-chromaticity color space against
illumination and exposure variations [4, 16].
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(a) Left Patch (b) Right Patch (c) wL (d) wR

(e) NCC Cost (f) IGCM Cost (g) NCC Dispar-
ity

(h) IGCM Dispar-
ity

Fig. 2. IGCM-based Depth Extraction. (a) and (b) show patch A in Fig. 1. (c) and (d)
represent weights for respective patches in (a) and (b), respectively. (e) and (f) are
NCC-based and IGCM-based cost values for patch A. Disparity maps are shown in (g)
and (h).

4. Intensity guided cost metric (IGCM)

Radiometric differences across stereo images result in a scale difference in intensity of the same
object in left and right images. This necessitates using a similarity metric that is robust against
scale difference. In other words, pixel intensities in both the images should be normalized before
comparison.
Normalized cross correlation (NCC) is one such technique wherein intensities of the pixels

to be matched are normalized over their respective local neighborhoods. Suppose we want to
observe the similarity of a pixel p in the reference (left) image to a pixel lying d pixels away
from p in the right (target) image. In other words, we are interested in the cost volume at a pixel
p and disparity d. Using NCC, this similarity is given by

NCC(p, d) =
∑

q∈Np
IL(q)IR(q + d)√

(∑q∈Np
(IL(q))2)(

∑
q∈Np

(IR(q + d))2)
, (16)

where Np defines the neighborhood, and IL and IR are left and right color channels, respectively.
If raw RGB colors are used for matching then IL ∈ {RL,GL, BL} and IR ∈ {RR,GR, Br }. In case
of logChrom space, IL ∈ {R′′L,G′′L, B′′L } and IR ∈ {R′′R,G′′R, B′′r } given by Eq. (12) and Eq. (15).

Ideally intensities of pixels in a local neighborhood which are similar to that of pixel p should
contribute more to the similarity metric; otherwise, blurred edges can occur in depth map. This is
typical in NCC where all pixels in the local neighborhood contribute equally. On the contrary, we
propose using a weighted variant of NCC, which weighs contribution of the neighboring pixels
based on their color similarity to the center pixel, i.e.,

WNCC(p, d) =
∑

q∈Np
wL(q)IL(q)wR(q + d)IR(q + d)√

(∑q∈Np
(wL(q)IL(q))2)(

∑
q∈Np

(wR(q + d)IR(q + d))2)
, (17)

where wL and wR are weights extracted from left and right images, respectively.
We propose a new cost metric IGCM which uses guided filtering [17] to implicitly compute
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the weights. Precisely,

IGCM(p, d) = LR(p,d)√
L(p,d)R(p,d)

=

∑
q∈Np w

(G)
L (q)IL (q)w(G)R (q+d)IR (q+d)√

(∑q∈Np (w
(G)
L (q)IL (q))2)(

∑
q∈Np (w

(G)
R (q+d)IR (q+d))2)

,

(18)
where w(G)L and w

(G)
R are guided filter weights extracted from left and right images, respectively.

Numerically, weights for pixel p in a guide image J are given as

w(G)(p) = 1
|ω|2

∑
q∈Np

(
1 +
(J(p) − µ(p))(J(q) − µ(p))

σ2(p) + ε

)
, (19)

where subscripts L and R are removed for brevity. Here, µ(p) and σ2(p) are mean and variance
of intensity image over a local neighborhood Np, respectively, ε is a regularization parameter
and |ω| is number of pixels in the local neighborhood. The reference intensity image is used as
a guide J in cost generation process. If cost is calculated in log-chrom space then weights are
calculated using original RGB image while cost calculation utilizes log-chrom image. In case of
RGB cost generation original RGB image is used for both cost and weight calculation. Intuitively,
Eq. (19) assigns more weights to pixels on the same side of edge, as shown in Fig. 2(c) and 2(d).
Pixels having similar intensities in foreground object (to which the target pixel belongs) are given
more weights while background has lower weights. If the center pixel J(p) and its neighboring
pixel J(q) are on same side of the edge then terms J(p) − µ(p) and J(q) − µ(p) in Eq. (19) will
have same signs (+/−). Overall 1 + (J(p)−µ(p))((J(q)−µ(p))

σ2(p)+ε will be positive and results in a larger
contribution in summation. On the other hand, if J(p) and J(q) are on opposite sides of the edge,
1 + (J(p)−µ(p))((J(q)−µ(p))

σ2(p)+ε is close to zero and hence they are not averaged at all. Also, it is seen
that if σ2 � ε (a flat region) then all pixels are equally weighted. In other words, kernel becomes
w(p) = 1

|ω |2
∑

q∈Np
1 and it behaves like a cascade of two mean filters. Solving the numerator of

Eq. (18),
LR(p, d) =

∑
q∈Np

w
(G)
L (q)IL(q)w

(G)
R (q + d)IR(q + d), (20)

Substituting the weights from Eq. (19) and simplifying,

LR(p, d) = 1
|ω|2

∑
q∈Np

{(IL(q) + aL(q))(JL(p) − µL(q))(IR(q + d)

+ aR(p + d))(JR(p + d) − µR(q + d))}, (21)

where

aj(q) =
1
|ω |

∑
k∈Nq

Jj(k)Ij(k) − µj(q)I j(q)
σ2
j (q) + ε

s.t. j ∈ [L, R], (22)

and
I j(q) =

1
|ω|

∑
k∈Nq

Ij(k) s.t. j ∈ [L, R]. (23)

Eq. (21) can be written as

LR(p, d) = 1
|ω|2

∑
q∈Np

{(aL(q)JL(p) + bL(q))(aR(p + d)JR(p + d) + bR(q + d))} , (24)

where
bj(q) = I j(q) − aj(q)µj(q) s.t. j ∈ [L, R]. (25)
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Algorithm 1 Computation of a and b coefficients
1: INPUT: Ij ← input image, Jj ← guide image, r ← radius or size of kernel, ε ←

regularization parameter
2: OUTPUT: aj, bj ← coefficients
3: I(mean)

j = fmean(Ij); J(mean)
j = fmean(Jj)

4: I(corr)j = fmean(I2
j ); J(corr)j = fmean(J2

j )

5: I(var)j = I(corr)j −
(
I(mean)
j

)2
; J(var)j = J(corr)j −

(
J(mean)
j

)2

6: aj =
(

fmean(Ij .Jj) − I(mean)
j .J(mean)

j

)
./

(
J(var)j + ε

)
7: bj = I(mean)

j − aj .J
(mean)
j

Simplifying Eq. (24) further,

LR(p, d) = 1
|ω|2

∑
q∈Np

{(aL(q)JL(p) + bL(q))(aR(p + d)JR(p + d) + bR(q + d))} , (26)

LR(p, d) = 1
|ω| (aLaRJL(p)IR(p + d) + aLbRJL(p) + aRbL JR(p + d) + bLbR), (27)

where indices of aL, bL, aR, bR are removed for brevity. Similarly, it can be shown that,

L(p, d) = 1
|ω| (a

2
L I2

L(p) + 2aLbL JL(p) + b2
L), (28)

and
R(p, d) = 1

|ω| (a
2
R I2

R(p + d) + 2aRbRJR(p + d) + b2
R). (29)

Putting LR(p, d), L(p, d) and R(p, d) from Eqs. (27), (28) and (29) in Eq. (18), IGCM(p, d) can
be expressed as,

aLaRJL(p)JR(p + d) + aLbRJL(p) + aRbL JR(p + d) + bLbR√(
a2
L J2

L(p) + 2aLbL JL(p) + b2
L

) (
a2
RJ2

R(p + d) + 2aRbRJR(p + d) + b2
R

) , (30)

where

aj(p) =
1
|ω |

∑
k∈Np

Jj(k)Ij(k) − µj(p)I j(p)
σ2
j (p) + ε

s.t. j ∈ [L, R], (31)

and
bj(p) = I j(p) − aj(p)µj(p) s.t. j ∈ [L, R]. (32)

In contrast to conventional NCC, coefficients a and b ensure better rejection of outliers and
reduce the boundary fattening effect as seen in Figs. 2(g) and 2(h). Conventional NCC weighs all
pixels in a local window equally to compute the cost, regardless of its similarity to the target pixel
as shown in Fig. 2(e). IGCM, on the other hand, utilizes a and b to enhance contribution of more
relevant pixels (foreground object, in this case) as shown in Fig. 2(f). This adaptive weighting
results in a more smooth depth map with sharp boundaries as illustrated in Figs. 2(g) and 2(h).
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Algorithm 2 IGCM
1: INPUT: aL, bL, aR, bR ← coefficients, JL, JR ←Guide images, r ← radius or size of kernel,

d ← disparity over which IGCM is computed
2: OUTPUT: IGCM(d) ← IGCM cost for slice d at all pixels p
3: Compute the following
4: aLaR = fmean(aL .aR); aLbR = fmean(aL .bR); aRbL = fmean(aR .bL); a2

L = fmean(aL .aL);
b2
L = fmean(bL .bL); a2

R = fmean(aR .aR); b2
R = fmean(bR .bR); aLbL = fmean(aL .bL);

aRbR = fmean(aR .bR)
5: IGCM(d) = aLaR .JL .JR(d)+aLbR .JL+aRbL .JR(d)+bLbR√(

a2
L .J

2
L+2aLbL .JL+b

2
L

) (
a2
R .J

2
L+2aRbR .JR+b

2
R

)

Semi-Global 

Matching-based 

Cost Aggregation

Post-Processing

Intensity Guided 

Cost Metric 

(IGCM)

Intensity Guided 

Cost Metric 

(IGCM)

LogChromaticity 

Normalization

Weighted 

Summation

Left Image

Right Image

D

Fig. 3. IGCM-based Depth Extraction Pipeline where D is the disparity map.

5. Algorithmic complexity of IGCM

It is seen that mostly mean filtering is applied in Eq. (30), which can be computed very fast using
integral images. Furthermore, most of these operations need not to be performed sequentially;
parallel computing can be exploited. The procedures are shown in Algorithm 1 and Algorithm 2,
where fmean and fsum indicate applying mean and summation filters over a local neighborhood
of size 2r + 1, respectively, IR(d) is right image shifted by d pixels, and “.” and “./” indicate pixel
by pixel multiplication and division, respectively. Note that summation and mean filters can be
implemented using integral images with O(N) time complexity.
Algorithm 1 is applied twice, once for each left and right images. There are 5 box filters, 6

multipliers, 4 divisions by constants and 4 other additions/subtractions in Algorithm 1 for each
pixel. The results of Algorithm 1, once computed, are used for all disparity levels.
There are certain operations in Algorithm 2 which are only computed once for every pixel.

These include computation of aRbR, a2
L , b2

L , a2
R, b2

R and aLbL . Computation of aLar , aRbL ,
bLbR, aLbR and IGCM equation is done for each pixel and each disparity level separately.
With each box filter requiring 5 additions (2 for computing the integral image and 3 for filtering

process), estimated number of operations required per pixel are 20T + 59 additions/subtractions,
12T + 12 multiplications, 4T + 10 divisions by constants, T square roots and T divisions, where
T is the maximum number of disparity levels. In proposed IGCM, most of the operations can be
implemented in parallel, exploiting recent trends towards parallelism for high speed.

6. IGCM-based disparity estimation framework

The overall disparity estimation framework based on IGCM is shown in Fig. 3. A combina-
tion of log-chromaticity and intensity based cost has proven to show better performance [4].
Log-chromaticity results in better performance under multiple radiometric variations but distin-
guishibility may be reduced because of normalization. We have used a weighted combination of
log-chromaticity and intensity in IGCM-based cost generation to take advantage of both color
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spaces as they are orthogonal to each other. Cost C(p, d) is expressed as,

C(p, d) = 1 −
[
θ
∑
ξ

IGCMξ (p, d)
3

+ (1 − θ)
∑
k

IGCMk(p, d)
3

]
, (33)

where IGCMk(.) is the IGCM function for original RGB color and IGCMξ (.) is the IGCM
function for log-chromaticity color. ξ ∈ {R′′,G′′, B′′} and k ∈ {R,G, B}, and θ is a weight
that balances original RGB color and log-chormaticity color. Impact of each cost component is
elaborated in Fig. 4(c)-4(e)

Cost aggregation schemes are used to improve cost at a given pixel based on the neighboring
pixels. Numerous local and global cost aggregation methods have been proposed in the past. In
this work, we use Semi-global cost aggregation [18] because it is not an iterative method but
based on a greedy algorithm, resulting in a lower computational complexity. Moreover, IGCM in
combination with SGM shows reliable disparity maps as can be seen in experimental results.
The aggregated cost at a pixel p and slice d through a path r is given by

Ar (p, d) = C(p, d) +min


Ar (p − r, d)

Ar (p − r, d − 1) + P1
Ar (p − r, d + 1) + P1
min
i

Ar (p − r, i) + P2

 −min
k

Ar (p − r, k), (34)

where last term is included for normalization, and P1 and P2 are penalty terms. Penalty P1 is
typically a constant and penalty P2 is inversely related to the gradient value. In this work, we
have used eight paths from all directions, i.e., angle from each path towards a pixel is given by

θkr := (k − 1)π
4

f or k ∈ {1, 2, ..., 8}. (35)

The cost is aggregated over each of the eight paths separately and final aggregated cost is the sum
of aggregated costs of eight paths, i.e.,

A(p, d) =
∑
r

Ar (p, d). (36)

Aggregating cost further improves selectivity of original cost. It can be further enhanced by using
parabolic fitting or interpolation-based schemes. This however, adds to the complexity of overall
pipeline. In this work, we apply winner-takes-all approach for estimation of best disparity. The
value of d at a pixel p is chosen as the best disparity if it provides minimum aggregated cost.
Another reason for using simple WTA approach is IGCM-based cost with SGM already provides
reliable global minima as seen in Fig. 1. So, disparity at a pixel p is given by

D(p) = argmin
d

A(p, d). (37)

The estimated disparity map given by Fig. 4(f) is further post-processed to remove invalid and
occluded pixel disparities. First, a left-right consistency check (LRC) is performed. Erroneous and
occluded pixels are detected and removed from disparity map using LRC. The holes are then filled
by nearest neighbor approach which fills the hole using minimum disparity among neighboring
pixels. This, however, results in a streaking artifact across the disparity map. Weighted Median
Filter (WMF) [13] is applied to remove streaking artifacts and further refine the disparity map
while preserving object boundaries. Final disparity map is shown in Fig. 4(g).
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(a) Left Image (b) Right Image (c) Log-chroma (d) Intensity (e) Combined (f) with SGM (g) Final Result

Fig. 4. Results at each step of IGCM-based Depth Extraction Pipeline

Table 1. Experimental Setups.

Setup Illumination Exposure
Left Image Right Image Left Image Right Image

Setup1 L1 L2 e3 e3
Setup2 L1 L3 e3 e3
Setup3 L1 L1 e3 e5
Setup4 L1 L1 e3 e1

Table 2. Error rate with CT [2], BT [19], SIE [9], ANCC [4], DASC [7], AD [8],
FCVF [13], IGF [14] and IGCM (proposed) over different Illumination settings (Setup1)
of MB14 datasets. Gray cells represent minimum error rate for each dataset.

Method Adiron Backpk Bicy1 Class1 Motor Piano Pipes Playt Recyc Shelv Sticks Sword1 Umbrel Overall

CT [2] 0.593 0.430 0.500 0.747 0.571 0.529 0.620 0.585 0.513 0.689 0.650 0.311 0.744 0.534

BT [19] 0.557 0.438 0.507 0.864 0.738 0.497 0.541 0.697 0.775 0.852 0.575 0.480 0.677 0.586

SIE [9] 0.834 0.692 0.796 0.894 0.932 0.742 0.914 0.851 0.801 0.833 0.856 0.662 0.868 0.762

ANCC [4] 0.462 0.316 0.435 0.471 0.48 0.428 0.372 0.442 0.449 0.592 0.227 0.242 0.684 0.4

DASC [7] 0.472 0.338 0.472 0.491 0.366 0.448 0.487 0.716 0.429 0.591 0.541 0.261 0.634 0.446

AD [8] 0.464 0.303 0.441 0.728 0.42 0.492 0.456 0.462 0.499 0.568 0.452 0.263 0.71 0.447

FCVF [13] 0.389 0.276 0.315 0.502 0.546 0.506 0.608 0.678 0.363 0.573 0.401 0.209 0.562 0.423

IGF [14] 0.373 0.25 0.362 0.536 0.351 0.418 0.344 0.400 0.373 0.539 0.419 0.202 0.601 0.369

IGCM 0.349 0.22 0.337 0.324 0.337 0.394 0.343 0.435 0.321 0.48 0.437 0.234 0.474 0.335

7. Experimental results

We have used Middlebury 2014 (MB14) dataset [11] to evaluate performance of the proposed
framework and compared it against state-of-the-art methods. MB14 has a wide variety of real-life
images taken under various conditions. We have developed subsets from available datasets under
varying illumination and exposure settings for our experiments. For ANCC [4], DASC [7],
Adaptive Descriptor (AD) [8], Fast Cost Volume Filtering (FCVF) [13] and BT (cost metric
of [19] with SGM-based cost aggregation), we have used publicly available source codes from the
authors of the original papers. For SIE [9], we have implemented cost evaluation and aggregation
method as proposed in the paper. For CT, we have developed a MATLAB implementation. SGM
was used for cost-aggregation with CT as in [2]. For Iterative Guided Filtering (IGF) [14], FCVF
code is modified to include CT based cost metric and iterative filtering. Parameters were adjusted
experimentally on multiple datasets by sweeping through all possible combinations to find optimal
values used in our framework. Best performance was achieved at θ = 0.6, Np = 19 × 19, P1 = 2,
P2 = 5 and ε = 0.64. For quantitative evaluation Error Percentage (EP) is used as the evaluation
metric. EP is the percentage of pixels which has disparity difference of greater than one pixel
from ground truth.
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(a) (b) (c) (d) (e) (f)

Fig. 5. Qualitative results over MB14 datasets for different illumination settings (Setup1).
(a) Left Image (b) Right Image (c) Ground Truth (d) ANCC [4] (e) IGF [14] (f) IGCM
(Proposed)
Table 3. Error rate with CT [2], BT [19], SIE [9], ANCC [4], DASC [7], AD [8],
FCVF [13], IGF [14] and IGCM (proposed) over different Illumination settings (Setup2)
of MB14 datasets. Gray cells represent minimum error rate for each dataset.

Method Adiron Backpk Bicy1 Class1 Motor Piano Pipes Playt Recyc Shelv Sticks Sword1 Umbrel Overall

CT [2] 0.621 0.403 0.649 0.702 0.554 0.505 0.691 0.722 0.647 0.724 0.591 0.390 0.786 0.5700

BT [19] 0.593 0.428 0.664 0.859 0.518 0.841 0.641 0.730 0.614 0.741 0.510 0.429 0.731 0.593

SIE [9] 0.810 0.673 0.825 0.884 0.785 0.854 0.902 0.858 0.840 0.855 0.824 0.680 0.881 0.762

ANCC [4] 0.43 0.253 0.524 0.442 0.424 0.399 0.382 0.519 0.523 0.629 0.216 0.240 0.738 0.409

DASC [7] 0.464 0.276 0.621 0.487 0.398 0.459 0.526 0.757 0.545 0.611 0.459 0.292 0.698 0.471

AD [8] 0.461 0.251 0.555 0.681 0.383 0.499 0.488 0.667 0.560 0.599 0.361 0.263 0.729 0.464

FCVF [13] 0.340 0.256 0.529 0.449 0.387 0.520 0.599 0.672 0.460 0.584 0.271 0.210 0.569 0.418

IGF [14] 0.392 0.255 0.487 0.485 0.349 0.410 0.411 0.601 0.460 0.569 0.378 0.228 0.599 0.401

IGCM 0.385 0.237 0.515 0.269 0.348 0.408 0.423 0.57 0.433 0.552 0.399 0.274 0.453 0.376

7.1. Illumination changes

We have developed two different experimental setups, hereinafter referred to as, Setup1 and Setup2
for evaluating performance under varying illumination settings as shown in Table 1. Quantitative
results for Setup1 and Setup2 are shown in Table 2 and Table 3, respectively. For Setup1, IGCM
shows 37%, 42%, 56%, 16%, 25%, 25%, 21% and 9.2% percentage decrease in error rate as
compared to CT, BT, SIE, ANCC, DASC, AD, FCVF and IGF methods, respectively. Setup2
consists of more stringent illumination variations among stereo images, hence performance of
most of the previous methods is degraded while IGCM shows stable performance as shown
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(a) (b) (c) (d) (e) (f)

Fig. 6. Qualitative results over MB14 datasets for different illumination settings (Setup2).
(a) Left Image (b) Right Image (c) Ground Truth (d) ANCC [4] (e) IGF [14] (f) IGCM
(Proposed)

in Table 3. On average, IGCM has shown 34%, 36%, 50%, 8%, 20%, 19%, 10% and 6%
improvement as compared to the aforementioned methods.
Qualitative results for Setup1 and Setup2 for multiple datasets in MB14 along with their

ground truths are shown in Fig. 5 and 6, respectively. From qualitative results, we can see that
ANCC is susceptible to noise as it shows depth variations even in flat regions of the image. These
variations are due to strong radiometric variations between left and right images. FCVF and IGF
somewhat preserves object boundaries by edge-preserving cost aggregation but because there is
no check in cost generation step, overall performance is degraded specially at high texture and
high illumination variation areas. Our method neither shows blurred edges, nor shows too many
depth discontinuities on flat surfaces. This is because IGCM acts as a mean filter at flat regions.
Also, edge-aware capability of IGCM improves the performance at depth discontinuities. This
also proves that cost aggregation based on the combination of IGCM with SGM shows superior
performance under severe radiometric variations.

7.2. Exposure changes

Similar to the illumination setups, we have developed two different experimental setups namely,
Setup3 and Setup4 for evaluating the performance under varying exposure settings as shown in
Table 1. Quantitative results are shown in Table 4 and Table 5 respectively. For Setup3, IGCM
shows 12%, 54%, 57%, 8%, 47%, 9%, 11% and 9% percentage decrease in error rate as compared
to CT, BT, SIE, ANCC, DASC, AD, FCVF and IGF methods, respectively. Similarly, for Setup4,
IGCM has shown 28%, 59%, 68%, 23%, 28%, 31%, 36% and 12% improvement as compared to
the aforementioned methods.

Qualitative results for Setup3 and Setup4 for multiple datasets in MB14 along with their ground
truths are shown in Fig. 7 and 8, respectively. In Setup3, right images have a longer exposure
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Table 4. Error rate with CT [2], BT [19], SIE [9], ANCC [4], DASC [7], AD [8],
FCVF [13], IGF [14] and IGCM (proposed) over different exposure settings (Setup3) of
MB14 datasets. Gray cells represent minimum error rate for each dataset.

Method Adiron Backpk Bicy1 Class1 Motor Piano Pipes Playt Recyc Shelv Sticks Sword1 Umbrel Overall

CT [2] 0.169 0.184 0.564 0.169 0.202 0.257 0.253 0.407 0.348 0.429 0.165 0.159 0.658 0.283

BT [19] 0.488 0.369 0.613 0.537 0.609 0.720 0.558 0.726 0.582 0.682 0.582 0.506 0.683 0.547

SIE [9] 0.4850 0.409 0.802 0.655 0.611 0.726 0.610 0.564 0.818 0.628 0.661 0.402 0.792 0.583

ANCC [4] 0.212 0.152 0.511 0.183 0.194 0.293 0.198 0.347 0.364 0.49 0.086 0.154 0.589 0.269

DASC [7] 0.464 0.276 0.621 0.487 0.398 0.459 0.526 0.757 0.545 0.611 0.459 0.292 0.698 0.471

AD [8] 0.199 0.153 0.54 0.297 0.165 0.319 0.14 0.337 0.323 0.444 0.104 0.163 0.613 0.271

FCVF [13] 0.129 0.117 0.567 0.119 0.249 0.400 0.321 0.444 0.379 0.390 0.101 0.124 0.588 0.281

IGF [14] 0.169 0.122 0.486 0.105 0.224 0.328 0.293 0.417 0.270 0.386 0.111 0.118 0.496 0.272

IGCM 0.189 0.146 0.455 0.097 0.196 0.276 0.249 0.353 0.239 0.389 0.306 0.204 0.38 0.248

(a) (b) (c) (d) (e) (f)

Fig. 7. Qualitative results over MB14 datasets for different exposure settings (Setup3).
(a) Left Image (b) Right Image (c) Ground Truth (d) ANCC [4] (e) IGF [14] (f) IGCM
(Proposed)

settings as compared to left images. For Setup3, CT, ANCC and IGF has shown promising
results which shows that image transformations used in these approaches are less affected by
such exposure variations. Specifically, combining SAD and CT as in IGF provides robust cost
generation as both gradient and intensity features are taken into account. On the other hand,
if right images have shorter exposure time as compared to reference image as is the case in
Setup4, performance of these methods is severely degraded. IGCM based framework however
shows even better accuracy in Setup4 as compared to Setup3. This is because even if LogChrom
transformation deteriorates the depth accuracy with shorter exposure times, intensity weighting
in IGCM helps reject these outliers in cost calculation and this results in improved depth map.
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Table 5. Error rate with CT [2], BT [19], SIE [9], ANCC [4], DASC [7], AD [8],
FCVF [13], IGF [14] and IGCM (proposed) over different exposure settings (Setup4) of
MB14 datasets. Gray cells represent minimum error rate for each dataset.

Method Adiron Backpk Bicy1 Class1 Motor Piano Pipes Playt Recyc Shelv Sticks Sword1 Umbrel Overall

CT [2] 0.271 0.199 0.179 0.487 0.220 0.381 0.189 0.351 0.252 0.534 0.154 0.185 0.464 0.276

BT [19] 0.504 0.352 0.829 0.483 0.378 0.464 0.365 0.583 0.556 0.552 0.598 0.383 0.726 0.484

SIE [9] 0.596 0.557 0.454 0.881 0.735 0.863 0.732 0.642 0.535 0.85 0.569 0.562 0.696 0.620

ANCC [4] 0.247 0.153 0.291 0.405 0.201 0.367 0.147 0.255 0.255 0.535 0.098 0.161 0.491 0.258

DASC [7] 0.232 0.140 0.275 0.269 0.196 0.376 0.270 0.588 0.211 0.482 0.267 0.225 0.347 0.277

AD [8] 0.29 0.195 0.23 0.526 0.179 0.405 0.141 0.391 0.279 0.507 0.109 0.226 0.557 0.288

FCVF [13] 0.258 0.194 0.214 0.350 0.322 0.608 0.331 0.581 0.216 0.538 0.160 0.179 0.354 0.308

IGF [14] 0.206 0.131 0.168 0.302 0.172 0.323 0.126 0.235 0.199 0.431 0.107 0.141 0.365 0.224

IGCM 0.178 0.139 0.231 0.109 0.152 0.286 0.192 0.253 0.167 0.407 0.236 0.18 0.241 0.198

(a) (b) (c) (d) (e) (f)

Fig. 8. Qualitative results over MB14 datasets for different expsoure settings (Setup4).
(a) Left Image (b) Right Image (c) Ground Truth (e) ANCC [4] (e) IGF [14] (f) IGCM
(Proposed)

7.3. Runtime

Table 6 shows the run-times of CT, BT, SIE, ANCC, DASC, AD, FCVF, IGF and IGCM on
an Intel Core(TM) i5-6600 3.3 GHz machine for 716 × 502 resolution stereo images and 78
disparity levels. We used a single thread and did not use a parallel processing device such as a
GPU. CT, BT and SIE are the simplest cost metrics with least runtimes but their performance is
signifcanlty degraded as discussed in experimental results. ANCC, DASC, AD and IGF provide
better results than CT, BT and SIE but overall runtime is considerably higher. The proposed
approach, while being accurate, is significantly faster because of its inherent computational
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Table 6. Runtime Comparison.

Machine Resolution Disparity Levels CT [2] BT [19] SIE [9] ANCC [4] DASC [7] AD [8] FCVF [13] IGF [14] IGCM

i5-6600 716 × 502 78 0.73s 0.55s 8.8s 246s 69s 507s 305s 556s 12.3s

(a) (b) (c) (d) (e) (f)

Fig. 9. Limitations of IGCM-based Framework

simplicity and efficient implementation using integral images.

7.4. Limitations and future works

Although IGCM-based framework shows good performance under multiple radiometric variations,
it would be fair to mention few limitations of our work. First, because we consider a Lambertian
model, erroneous depths can be seen in case of non-Lambertian surfaces. To cater this problem,
imaging model should be enhanced to compensate for non-Lambertian surfaces as well. The
other problem is large illumination variations in big textureless patches in an image as shown in
Fig. 9(c). Since, we use a local cost generation and semi-global cost aggregation scheme, there
can be false disparity estimations in such situations. In our future work, we look to incorporate
deep neural networks on top of IGCM-based features to better tackle this problem. Finally, there
are some streaking artifacts in the proposed approach as can be seen in Fig. 9(f). which are due
to filling by nearest neighbors in post-processing. This problem can be resolved by employing
object segmentation to first segment each object in the scene and then apply nearest neighbor
filling on each object separately.

8. Conclusion

This paper presents a new cost-metric for stereo matching under radiometric differences named
Intensity Guided Cost Metric (IGCM). IGCM reduces object discontinuities and boundary
blurring by using an edge-preserving weighting scheme. In addition, IGCM can be easily
parallelized as most of the operations in the proposed cost metric are based on mean filters. This
results in a significant speedup of IGCM as compared to other state-of-the-art methods. IGCM
is combined with SGM based aggregation scheme and overall depth extraction framework has
shown promising results both in terms of speed and accuracy. The competitive performance of
the proposed scheme is validated through experimental results.
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