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Abstract Stereo vision systems are widely used for
autonomous robot navigation. Most of them apply local
window based methods for real-time purposes. Normal-
ized cross correlation (NCC) is notorious for its high
computational cost, though it is robust to different
illumination conditions between two cameras. It is rarely
used in real-time stereo vision systems. This paper
proposes an efficient normalized cross correlation calcula-
tion method based on the integral image technique. Its
computational complexity has no relationship to the size
of the matching window. Experimental results show that
our algorithm can generate the same results as traditional
normalized cross correlation with a much lower computa-
tional cost. Our algorithm is suitable for planet rover
navigation.

Keywords normalized cross correlation (NCC), stereo
matching, integral image

1 Introduction

Autonomous robot navigation is a fundamental ability for
mobile robots. It is still one of the most important research
fields in the robotics community. The key component for
autonomous robot navigation is the range sensor.
Different kinds of sensors can be used for this purpose,
to name a few, radio direction and ranging (RADAR),
laser range finder, sonar, and video cameras, etc. Laser
range finder and RADAR are commonly used in land
based rovers for their high accuracy and large effective

range [1,2]. Sonar is the first choice for underwater robots.
It is also widely used in ground robots for short range
obstacle detection. As computational power and image
quality improve, computer vision based range sensors
gradually emerge. Stereo vision [3,4] is the most widely
used computer vision technique for acquiring range
information. Images contain more information than
other range sensors. Using modern techniques stereo
vision can provide dense 3D point clouds in real-time.
More and more autonomous robots are equipped with
such stereo vision systems [5]. As the payload and power
supply carrying capabilities are very restricted for planet
rovers, such as lunar and mars rover, heavy and power
consuming laser range finders and RADAR are rarely
used in these applications. Furthermore, a camera is an all-
solid-state approach that might be more easily space
qualifiable. As a natural consequence, many planet rovers
use stereo vision for autonomous navigation. Of all the
stereo vision based planet rovers, NASA’s Mars explora-
tion rover (MER) project [6] may be the most famous and
successful one.
Stereo vision has been an intense area of research for

decades and its theoretical background is now quite
mature. Stereo vision algorithms can be divided approxi-
mately into two groups [4]: local correspondence
methods, and global correspondence methods. Generally
speaking, the results of local correspondence methods
perform more poorly than global correspondence methods
but local correspondence methods are much faster. Block
matching is the most commonly used local correspon-
dence method. Block matching seeks to estimate disparity
at a point in one image by comparing a small surrounding
region, the template, with a series of small regions
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extracted from the other image, the search region [4]. For
land based autonomous robot navigation, real-time
application is most important. Furthermore, the computa-
tional power of the onboard computers is very restricted,
so most robot navigation applications choose block
matching methods. There are several commonly used
metrics for block matching: sum of absolute differences
(SAD), normalized cross correlation (NCC), and Census
transform [7].
SAD is often used for computational efficiency [4].

Many commercially available real-time stereo vision
systems use SAD [8,9]. Unfortunately, SAD is not robust
to different illumination conditions between cameras, so
image pairs are usually fed to high pass filters before
matching [10] which increases computational complexity.
Census transform is immune to different illumination
conditions but it needs special hardware [11] to reach real-
time performance which raises the total cost of the system.
NCC is also robust to different illumination conditions.
Unfortunately, its computational cost is much higher than
SAD and can hardly be implemented in real time so it is
not widely used in autonomous robot navigation.
There exists some prior work on effective implementa-

tion of NCC. Faugeras et al. [12] proposed a method based
on a sliding window technique. But it can only be applied
to specific modified versions of cross correlation instead
of the standard version. Our method, however, can be
applied to NCC without any difficulty. Converting cross
correlation into efficient implementation of fast Fourier
transform (FFT) is also a well known method. Unfortu-
nately, it cannot be applied directly for the normalized
version of cross correlation. Lewis [13] presented an
algorithm by combining sum tables and FFT. It is well
known that FFT is designed for a size which is equal to
powers of two. So it is inefficient to apply to image of an
arbitrary size. Hii et al. [14] proposed to combine FFT and
sum tables for calculating the denominator of the NCC
definition equation. They used sum-table and basis
functions to estimate the numerator of NCC. Despite
similar drawbacks to FFT based methods, the basis
functions approach can only achieve an approximation of
the numerator. Briechle and Hanebeck [15] proposed a
similar efficient algorithm for the application of object
recognition.
To overcome the drawbacks of the previous methods,

we propose an efficient method to calculate NCC in the
framework of integral image theory [16]. The computa-
tional complexity does not grow with the size of template

window in block matching so offers potential for
autonomous robot navigation applications. Furthermore,
our algorithm does not require any special hardware so the
cost of deployment is very low.
In Section 2, a brief introduction to the integral image

technique is given. We then provide a detailed explanation
of how to extend the original integral image technique to
NCC calculation. Experimental results are given in
Section 3. Section 4 provides our conclusions.

2 Efficient NCC calculation based on
integral image techniques

2.1 Integral image

Summed-area tables were introduced by Crow [17] for
texture mapping. Viola and Jones [16] introduced them
into computer vision for efficient feature calculation,
renaming the technique integral image. Veksler [18] used
the integral image technique to achieve efficient SAD like
window cost calculations. The application of integral
image is simple and direct [18].
The size of an integral image is the same as the original

image. The definition of every element in the integral
image is as follows

ii x,yð Þ ¼
X

x#£x,y#£y

i x#,y#ð Þ, (1)

where i(x, y) is the original image and ii(x, y) is its
corresponding integral image. Fig. 1 shows the idea of
integral image.

An integral image can be calculated in an iterative
manner efficiently from the upper left corner to the lower
right corner as follows

Fig. 1 Element at (x, y) of integral image is the sum of all the
elements in the black area of the original image
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iiðx,yÞ ¼ iðx,yÞ þ iiðx – 1,yÞ
þ iiðx,y – 1Þ – iiðx – 1,y – 1Þ: (2)

So the computational cost for constructing an integral
image is O(WH), where W and H are the width and height
of the image, respectively. Using an integral image, the
sum of the values in block D, SD, from the original image,
shown in Fig. 2, can be calculated with the following
equation

SD ¼ SAþBþCþD – SAþB – SAþC þ SA

¼ iiðx,yÞ – iiðx,y#Þ – iiðx#,yÞ þ iiðx#,y#Þ: (3)

It is easy to see that the computational cost of the above
equation is O(1). That is to say it has no relationship to the
size of block D.

2.2 Efficient NCC calculation algorithm

We assume the stereo pair is horizontally aligned. The
definition of NCC is

C p,dð Þ ¼

X
x,yð Þ2Wp

I1 x,yð Þ – I1 px,py
� �� �

I2 xþ d,yð Þ – I2 px þ d,py
� �� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
x,yð Þ2Wp

I1 x,yð Þ – I1 px,py
� �� �2 X

x,yð Þ2Wp

I2 xþ d,yð Þ – I2 px þ d,py
� �� �2s , (4)

where Wp is the matching window with center pixel p

whose coordinate is (px, py). I1 x,yð Þ is the mean intensity
of the pixels in the matching window with center pixel

(x, y) in image I1. I2 xþ d,yð Þ is the mean intensity of the
pixels in the matching window with center pixel (x+ d, y)
in image I2. If we directly apply Eq. (4) to calculate NCC,
the computational cost is approximately O(WHDr|Wp|),
where Dr is the disparity search range and |Wp| is the
number of pixels in the matching window. From the above
analysis we find that the computational cost is greatly
affected by the size of the matching window. If the size of
the matching window is large, which is the case with a
large image, it is very slow to calculate NCC by Eq. (4).
In [18], the author claims that if there exists a function,

f(x, y), which converts pixels to real numbers. And if we
wish to compute the sum of this function in some
rectangular area of the image, which is in the formX

x#£i£x,y#£j£y

f i,jð Þ, (5)

it can be calculated efficiently by the integral image
technique. It is obvious that Eq. (4) is not of the same form
as Eq. (5). Neither can Eq. (4) be directly divided into sub-
parts so that each part is in the form of Eq. (5), since every
term contains the mean value computed in a rectangular
neighborhood which is the same size as the correlation
window and centered on each pixel. We have to find other
ways to calculate NCC efficiently.
Obviously, the following two equations hold

I1 px,py
� � ¼ 1

jWp

�� X
x,yð Þ2Wp

I1 x,yð Þ, (6)

I2 px þ d,py
� � ¼ 1

jWp

�� X
x,yð Þ2Wp

I2 xþ d,yð Þ: (7)

Substituting Eqs. (6) and (7) into Eq. (4) and
rearranging, we get

Fig. 2 Demonstration of calculating the sum of values in block
D from the original image with its corresponding integral image

C p,dð Þ ¼

X
x,yð Þ2Wp

I1 x,yð ÞI2 xþ d,yð Þ – 1

jWp

�� X
x,yð Þ2Wp

I1 x,yð Þ
X
x,yð Þ2Wp

I2 xþ d,yð Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

x,yð Þ2Wp

I1 x,yð Þ2 – 1

jWp

�� X
x,yð Þ2Wp

I1 x,yð Þ
2
4

3
528<

:
9=
;

X
x,yð Þ2Wp

I2 xþ d,yð Þ2 – 1

jWp

�� X
x,yð Þ2Wp

I2 xþ d,yð Þ
2
4

3
528<

:
9=
;

vuuut
: (8)
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We define

F1 p,dð Þ ¼
X
x,yð Þ2Wp

I1 x,yð ÞI2 xþ d,yð Þ, (9)

F2 p,dð Þ ¼
X
x,yð Þ2Wp

I2 xþ d,yð Þ2, (10)

F3 p,dð Þ ¼
X
x,yð Þ2Wp

I2 xþ d,yð Þ, (11)

F4 pð Þ ¼
X
x,yð Þ2Wp

I1 x,yð Þ2, (12)

F5 pð Þ ¼
X
x,yð Þ2Wp

I1 x,yð Þ: (13)

Eq. (8) can be rewritten as

C p,dð Þ ¼
F1 p,dð Þ – 1

jWp

��F5 pð ÞF3 p,dð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
F4 pð Þ – 1

jWp

��F5 pð Þ2
 !

F2 p,dð Þ – 1

jWp

��F3 p,dð Þ2
 !vuut

: (14)

Eqs. (9)–(13) are all of the form in Eq. (5). If we fix d,
all five equations can be efficiently calculated using the
integral image technique. From Eq. (14) we can draw the
conclusion that NCC is the static combination of Eqs. (9)–
(13) which can be calculated using integral images, so
NCC can also be calculated efficiently.
We assume that iik is the integral image which

corresponds to image Ik. It can be calculated efficiently
according to Eq. (2). We define

iik Wp

� � ¼ X
x,yð Þ2Wp

Ik x,yð Þ: (15)

Fast calculation of Eq. (15) can be achieved by applying
Eq. (3). For any horizontally aligned stereo pair, the NCC
calculation method based on integral image contains the
following three steps:
Step 1: Choose the matching window, Wp, with

appropriate size according to the size of image pair.
Step 2: Calculate ii1 and ii2 according to Eq. (2). We

define images I11 and I22 as follows:

I11ðx,yÞ ¼ I1ðx,yÞ � I1ðx,yÞ  and 
I22ðx,yÞ ¼ I2ðx,yÞ � I2ðx,yÞ:

From the above two images, we calculate their
corresponding integral images, ii11 and ii22.
Step 3: Let Dmin and Dmax be the minimum and

maximum disparity search levels respectively. Without
losing generality, we temporarily only consider the integer
disparity level so that we have

Dr ¼ Dmax –Dmin þ 1: (16)

For every disparity search level, d, which satisfies
Dmin£d£Dmax, we define image I12 as follows:

I12ðx,yÞ ¼ I1ðx,yÞ � I2ðxþ d,yÞ:
Then we calculate the corresponding integral image,

ii12. Finally, we calculate the NCC cost for every pixel, p,
in the image at the disparity search level d by the
following equation:

Cðp,dÞ ¼
ii12ðWpÞ –

1

jWp

��ii1ðWpÞii2ðWpþdÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ii11ðWpÞ –

1

jWp

��ii1ðWpÞ2
" #

ii22ðWpþdÞ –
1

jWp

��ii2ðWpþdÞ2
" #vuut

, (17)

where Wp + d is the matching window around pixel p + d
whose coordinate is (px + d, py).
Let us analyze the computational complexity of our

algorithm. In step 2, calculation of ii1 and ii2 is direct and
from Section 2.1 we can conclude that the time complex-

ity is O(WH) for each of them. From the definitions of I11
and I22, it is obvious that the computational complexity for
obtaining any of them is still O(WH). To obtain their
corresponding integral images, the extra computational
cost for each is O(WH). So the total computational cost of
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step 2 is

OðWHÞ þ OðWHÞ þ ðOðWHÞ þ OðWHÞÞ
þðOðWHÞ þ OðWHÞÞ

¼ OðWHÞ: (18)

In step 3, when d is fixed, I12 can be implemented in
O(WH). By applying the technique described in Section
2.1, for every pixel in the image, Eq. (17) can be
calculated in constant time irrespective of the size of the
matching window |Wp|. So with I12, NCC cost for the
entire image with any fixed disparity, d, is O(WH). The
total time complexity for any fixed disparity, d, in step 3 is

OðWHÞ þ OðWHÞ ¼ OðWHÞ:
Since we have to visit all possible disparity levels in the

disparity search range, the total computational cost of step
3 is O(WHDr). Therefore the computational cost of our
proposed algorithm is a combination of step 2 and 3

OðWHÞ þ OðWHDrÞ ¼ OðWHDrÞ: (19)

Recall that the computational cost of the simple NCC
calculation method is O(WHDr|Wp|) which is much higher
than our method.

3 Experimental results

All the experiments are performed on a PC with a
Pentuim4 2.8 GHz CPU and 1 GB RAM. All the source
code is compiled in Visual C++ 6.0 and only optimized at
the algorithmic level. We do not use any CPU optimiza-
tion techniques.

3.1 Computational Cost Analysis

In this section, we compare the computational time for
performing NCC, between our proposed algorithm and
simple NCC calculation methods using Eq. (4) directly.
The experiments are performed on the same image pair for
both algorithms. Fig. 3 shows the results.
In the first experiment, we choose an image pair with

resolution 640�480. The disparity search range is 11 to
100; so there are 90 disparity levels. We vary the matching
window sizes from 3�3 to 25�25 and record only the
time consumed by the NCC calculation. From Fig. 3(a) we
find that the computational time of our method is an
almost constant 3 seconds for all window sizes. The
simple NCC calculation method, which directly applies
Eq. (4), uses much more time especially when the

matching window size is large. Its computational cost
grows almost quadratically with the edge size of the
matching window. Fig. 3(a) agrees with our theoretical

Fig. 3 Comparison of computational costs between our pro-
posed algorithm and the simple NCC calculation method for (a)
different matching window sizes; (b) different disparity search
ranges; (c) different image sizes
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analysis in Section 2.2. Although in our experiments we
use square matching windows. Any rectangular shape can
be used for real applications, and the computational cost
of our method will still not change with the size of
matching window.
In the second experiment, we again choose an image

pair with the resolution 640�480. We fix the size of the
matching window to be 17�17. We vary the size of
disparity search ranges from 10 to 100 levels and record
only the time consumed by NCC calculation. From
Fig. 3(b) we know that the computational cost of both
methods grows linearly with the size of disparity search
range. But our method grows much slower than the simple
NCC calculation method.
In the third experiment, we choose the size of the

matching window to be 7�7. We also fix the disparity
search range to be 30 levels. We vary the image pair
resolution between 128 � 96 and 1280�960, and record
only the time consumed by NCC calculation. From
Fig. 3(c) we can see that the computational cost of both
methods grows approximately linearly with the size of the
image pair. But our method again grows much slower than
simple NCC calculation method.
The results from the above 3 experiments confirm our

theoretical analysis in Section 2; the computational
complexity of our algorithm is O(WHDr). This is much
lower than simple NCC calculation method.

3.2 Comparison between NCC and SAD

SAD is widely used in real-time stereo matching
algorithms. So in this section we compare the computa-
tional complexity of SAD and NCC. The stereo matching
algorithm first performs SAD or NCC, recording the time
cost, then a simple winner-take-all method [3] is used to
generate the final disparity images.
We compare stereo image pairs from a lunar terrain

simulation laboratory. The resolution of the image is
640�480. The size of the matching window is 17�17.
The disparity search range is from 11 to 100 so that there
are 90 disparity levels. The second stereo pair is
downloaded from [19] which was taken by navigation
cameras of the NASA’s MER Spirit on Mars. The
resolution of the image is 512�512. The size of the
matching window is 13�13. The disparity search range is
from 17 to 80, so that there are 64 disparity levels.
Table 1 shows the computation time for SAD and NCC

(calculated by our algorithm) in the above 2 stereo pairs.
SAD is calculated directly by its definition equation and is

not optimized. From the table we can see that SAD takes
less time but this is comparable to NCC. Considering that
by applying NCC we can obtain a much better disparity
image under complex illumination conditions, there is
great potential for using the NCC calculation method
proposed in this paper for planet rover navigation.

3.3 Combination with sophisticated stereo matching

algorithms

In the previous section, a winner-take-all method is used
for generating disparity images for comparison purposes.
It is a very simple method. Usually in practical
applications, more sophisticated stereo matching algo-
rithms are needed. Matching cost is still an important part
for all the stereo matching algorithms. So our efficient
NCC calculation method can be incorporated into nearly
all stereo matching algorithms. Our method greatly
accelerates the computational speed of the whole stereo
matching algorithm without sacrificing performance since
we can directly generate the same results using Eq. (4).
In [20], the authors propose a stereo matching algorithm

based on Ground Control Points (GCPs). They choose
NCC as the matching metric. We implemented their
algorithm using our efficient NCC calculation method,
which we call combination GCP+ ENCC. As mentioned
in the previous section, global correspondence methods
usually provide a better disparity image. We compare the
disparity images generated by GCP+ ENCC with the
classical dynamic programming algorithm (DP) and
Graph Cuts algorithm (GC) [21] which are currently
among the top performing stereo matching algorithms [3].
We also compare the computational cost. The DP
algorithm is implemented by the author of [3] and GC
algorithm is provided by the author of [21].
The stereo pair in Fig. 4 is captured in a lunar terrain

simulation laboratory. The resolutions of the images are
640�480. The disparity search range is from 11 to 100 so
that there are 90 disparity levels for all 3 algorithms. The
size of the matching window for GCP+ ENCC is 17�17.
The stereo pair in Fig. 5 was taken by navigation cameras
of Spirit on mars. The resolution of the images is
512�512. The disparity search range is from 1 to 60 so

Table 1 Comparison of computational times between SAD and NCC

stereo pair index calculation times for
SAD/s

calculation times for
NCC/s

1 1.406 3.156

2 0.906 1.828
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that there are 60 disparity levels for all 3 algorithms. The
size of the matching window for GCP+ ENCC is 13�13.
From the above two figures we can see that GCP+ ENCC
produces comparable disparity images to the DP method
and is even slightly better than the GC algorithm. The 3D
reconstruction results based on disparity images produced
by GCP+ ENCC are vivid and can be used for navigation
and scientific research purposes. From Table 2 we know
that GCP+ ENCC is the fastest of the three techniques,
thanks to our efficient NCC calculation method. Our
proposed method provides potential for future use in
stereo vision based autonomous robot navigation.

4 Conclusion and future works

In this paper, we propose an efficient NCC cost calculation
method based on integral images for stereo matching. The
computational complexity does not grow with the size of

the template window so that it is much faster than
traditional NCC calculation method. Experimental
results show that our method greatly accelerates the
computational speed of the whole stereo matching
algorithm without sacrificing performances. It offers
great potential for future autonomous robot navigation
applications.
As future work, we plan to incorporate the proposed

efficient NCC method into a real-time application. From
Fig. 3(c) we can see that the computational time is about
40 ms for an image resolution 128�96 with disparity
search range of 30 pixels. So it is possible to implement a
real-time stereo matching algorithm with the image
pyramid technique. Furthermore, a disparity search
range selection method based on application distance
range and stereo camera pair calibration results must be
incorporated in order to achieve a compact disparity
search range and reduce the computational complexity.
Last but not least, code level optimization techniques
such as multimedia extensions (MMX), streaming

Fig. 4 3rd stereo pair. (a) Left image; (b) right image; (c) disparity image of GCP+ ENCC; (d) disparity image of DP; (e) disparity
image of GC; (f)–(h) 3D reconstruction views from the disparity image (c)
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single instruction multiple data (SIMD) extensions
(SSE) etc. also need to be studied for real-time
purposes.
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