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Abstract
Computer vision technology has been researched in the field of mobile robots, intelligent vehicle navigation aids, obstacle
avoidance and many others. We implement fast and accurate census transform algorithm in software and hardware for
computer vision to extract depth map from different two images. We have designed in C language and Verilog hardware
description language, verified by Modelsim, and implemented on FPGA for real-time processing capability. We have
converted the census transform algorithm to hardware structure to compute depth map for two images in parallel
processing. The resultant system extracts the depth information within search-range of 30 from 240 x 320 image using the
window size of 3by3, 5by5 and 7by7, respectively.
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1. Introduction

Stereo vision automates distance extraction of a human
visual system in computer vision area. As in Figure 1, the
views of thing in left and right eyes are different. The principle of this algorithm is similar to the binocular disparity.

Stereo matching is one of the most active research
areas in computer vision because of its increasingly widespread applications that require three-Dimensional (3D)
depth information1. The basic steps for depth information
of the two images are the feature extraction, stereo matching, and distance computation from parallax. The most
important factor is matching element. Calculation of
depth information by the stereo vision is processed in two
steps. The first step is to determine whether each of the
selected points watch to the reference point. The second
step is to obtain the depth information for all the points
of the image by using an interpolation and describe a
three-dimensional space2. Figure 2 shows a flow of stereo
matching.

2. Stereo Matching
Figure 1. Principle of binocular disparity.

*Author for correspondence

Stereo matching is a method of extracting the corresponding points by finding the time difference information from
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In contrast to the global approaches, the local
approaches find corresponding points between a pair of
stereo image on the epipolar-line by computing correlations of windows within a fixed disparity search range.
The local algorithms have less computational complexity
than the global algorithms. For these reasons, the local
approach is widely used in real-time embedded applications5,6.

2.1 Census Transform Algorithm
The census transform is a non-parametric local transform that characterizes a window as a sequence of bit
streams7–9.

2.1.1 Hamming Weight
Figure 2. Stereo image sets with ground truth.

the left and right images to obtain three-dimensional
image information using two cameras. Either left image
or right image is used as a reference. If points from one
image located in the same line of another image, distance
information can be obtained by computing the difference
of coordination in horizontal direction between a reference point and the corresponding point3,4. Fig 3 illustrates
process of finding matching points of horizontal direction
along epipolar-line in left and right image after rectification process.

Hamming-weight compares the left image with right
image by the unit of 5by5 window. If a window is set to
5by5 as in Figure 4, (2, 2) of the pixel value is compared
from (0, 0) to (4, 4) respectively to produce Hammingweight. The resultant Hamming-weight of each pixel has
a value of 1 or 0.

Figure 4. Hamming weight.

2.1.2 Hamming Bits

Figure 3.
line.
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The process of finding a match point in epipolar
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Hamming bits are calculated from left and right
Hamming-weight. Each pixel in same position in left
and right windows is compared. If two pixels are equal,
hamming bit is set to 1 otherwise to 0. Figure 5 illustrates a Hamming bit obtained from the left and the right
Hamming-weight by calculating each pixel. The number
of 1’s in Hamming bits means that two images match.
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search range is fixed and candidate pixel in right image is
repeated in search range.

Figure 5. Calculation of Hamming Bit.

2.1.3 Hamming Distance
Hamming-distance is obtained in the left and right
Hamming bits. In Figure 6, Hamming-distance in search
range can be measured by comparing a left Hamming
bit with the right Hamming bits. The number of 1’s in a
Hamming-distance means that the depth map set.

Figure 7. Flow chart of census transform algorithm.

Figure 8 is a combination circuit structure for parallel
processing. When making 3by3 Hamming bits in 1 cycle,
(1, 1) center pixel is saved in a register for a 3by3 window
and (0, 1) and (2, 1) pixel is compared with center pixel
for a depth information. (0, 0), (1, 0) and (2, 0) in 2 cycle
and (0, 2), (1, 2), (2, 2) in 3 cycle is compared with center
pixel.

Figure 6. Hamming distance.

3. Hardware Structure
Flow chart of census transform algorithm is shown in
Figure 7. The reference pixel in left image for obtaining the depth information of a point with respect to the
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Figure 8. Parallel processing for combination circuit.
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We designed a hardware structure to the Verilog
hardware description language by using census transform algorithm. The advantage of the Verilog hardware
description language is to enable the parallel processing.
We compare the results in C language and Verilog to calculate the performance improvement. When calculating a
3by3 window Hamming-bit in C language, 8 pixels except
for a center pixel are required to 8 cycles. The combination circuits for parallel processing in hardware structure
can process multiple pixels in single clock. The proposed
architecture is designed as shown in the Figure 9. Three
lines of vertical axis in the block RAM are read to horizontal axis with 240x8 data lines for 3by3 window. First,
N+1 line is read for center pixels of 3by3 window. Then,
N and N+2 lines are read for comparison to process 3by3
windows simultaneously.

verification of census transform algorithm was carried
out by the process of Figure 10.

Figure 10. Parallel processing in Hamming Bits.

First, the census transform for matching accuracy in
search range 30 was measured varying the window size.
Figure 11 shows the matching accuracy of the algorithm.
As the window size increase, the matching accuracy is
improved but the operating speed is decreased. Therefore,
window size is the most dominant factor that effects on
the accuracy and the operating speed.

Figure 9. Parallel processing in Hamming Bits.

Therefore, a Hamming-bit is calculated only in 3
cycles. We have made five Hamming bits during 3 cycles.
If five Hamming bits in search range of 30 during 3 cycles
are made simultaneously, a depth map can be made during 18 cycles.

4. Comparison Results
In order to evaluate the performance of the census
transform algorithm, we have designed the C language
and Verilog hardware description language, verified by
Modelsim, and implemented for real-time processing
capability on FPGA and Hardware implementation and
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Figure 11. Matching accuracy of window size for census
transform.
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(a)

(b)

(c)

(d)
Figure 12. Cone Stereo Image from Middlebury Benchmark10: (a) Left Image; (b) Right Image; (c)
Ground Truth Image; (d) Resultant Images for each Window Size.

Figure 12 shows resultant images about matching
accuracy.
Second, we implemented 3 hardware structures each
with window size of 3by3, 5by5 and 7by7 to compute performance. To process real-time for census transform from
Table 1.

two images, we have applied the structure of Figure 8, 9. In
search-range 30, parallel processing of the search-range is
set to 3, 5 and 10. Table 1 and 2 shows performance comparisons about each parallel processing.

C Language performance comparisons
C Language

Window Size

Maximum Speed

Maximum Frequency

Frames / Second

3by3

0.813[s]

1.23[Hz]

1.29[fps]

5by5

1.33[s]

0.75[Hz]

0.76[fps]

7by7

1.96[s]

0.51[Hz]

0.51[fps]
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Table 2. Verilog HDL performance comparisons in parallel processing of 3, 5 and 10 in
search range of 30
Parallel Processing = 3
Window Size

Maximum Speed

Maximum Frequency

Frames / Second

3by3

17.98[ns]

56.61[MHz]

23.92[fps]

5by5

22.06[ns]

45.33[MHz]

12.16[fps]

7by7

22.60[ns]

44.24[MHz]

8.703[fps]

Parallel Processing = 5
Window Size

Maximum Speed

Maximum Frequency

Frames / Second

3by3

19.92[ns]

50.2[MHz]

37.88[ns]

5by5

22.86[ns]

43.74[MHz]

20.92[fps]

7by7

22.14[ns]

45.17[MHz]

15.95[ns]

Parallel Processing = 10
Window Size

Maximum Speed

Maximum Frequency

Frames / Second

3by3

21.22[ns]

47.13[MHz]

50.76[fps]

5by5

23.08[ns]

43.33[MHz]

30.12[fps]

7by7

24.48[ns]

40.19[MHz]

20.88[fps]

Third, in order to verify the proposed hardware architecture, we implemented the census transform on FPGA.
Table 3.
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Figure 14 shows each synthesis results and Figure 15 is
the resultant image in window size 7by7 on TFT-LCD.

Parallel processing 3 for window size 3by3 in search range of 30

Parallel Processing

3

5

10

Window Size

3by3

3by3

3by3

Slice resisters

299

307

342

Slice LUTs

41,863

64,037

120,205

Occupied slices

21,312

32,465

60,929

Logic

41,863

64,037

120,205

Block Ram

146

146

146
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Table 4.

Parallel processing 3 for window size 5by5 in search range of 30

Parallel Processing

3

5

10

Window Size

5by5

5by5

5by5

Slice resisters

327

335

375

Slice LUTs

100,575

159,538

307,137

Occupied slices

51,179

80,951

159,239

Logic

100,641

159,538

310,512

Block Ram

146

146

146

Table 5.

Parallel processing 3 for window size 7by7 in search range of 30

Parallel Processing

3

5

10

Window Size

7by7

7by7

7by7

Slice resisters

363

382

410

Slice LUTs

193,934

306,925

586,671

Occupied slices

97,001

153,499

300,283

Logic

193,934

306,925

603,823

Block Ram

146

146

146

5. Conclusion
In this paper, both C Language and Verilog hardware
description language by using census transform algorithm
for real-time stereo vision system have been implemented
on C simulator and FPGA. C language is very slow and
cannot be used for real-time environment. The hardware implementation is accurate and fast enough for
real-time applications. We are going to study new census
transform-based fast and accurate matching technique to
obtain depth information for fast real-time.
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Figure 15. Resultant image implemented on FPGA.
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