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Comparison Speed of Pedestrian Detection with Parallel Processing Graphic Processor and
General Purpose Processor
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ABSTRACT

Video based object detection is basic technology of implementing smart CCTV system. Various features and algorithms are
developed to detect object, however computations of them increase with the performance. In this paper, performances of object
detection algorithms with GPU and CPU are compared. Adaboost and SVM algorithm which are widely used to detect pedestrian
detection are implemented with CPU and GPU, and speeds of detection processing are compared for the same video. As results
of frame rate comparison of Adaboost and SVM algorithm, it is shown that the frame rate with GPU is faster than CPU.
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a) Edge features
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Fig. 1 Sets of extended Haar-like features.
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Fig. 2 Examples of Haar-like features that gives high
response in regions containing pedestrians.
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Fig. 3 Image characterization using HOG. (a) original
image, (b) gradient norm, (c) gradient orientation, (d)
cell splitting, (e) histogram computation.

HETIEY 110
 Threshalkd Binery: 1101011
- 54 naly
4) 39, 36 i U Decimat 203
.
! 2 57 12/13 I o d

a7 4. 7|25l LBP At
Fig. 4 The basic LBP operator.
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¥ 1. Adaboost =&
Table 1. Adaboost training

Given example images (z,.y,),--(%,,y,) where
y,€{0,1} for negative and positive examples
respectively.

Initialize weights w,; =1/2m,1/20 for y, =0,1
respectively, where m and 1 are the number of
negatives and positives respectively.

For t=1,...,T:
Step 1. Normalize the weights,
Wy i :wt.,i/zlwz,,;
=

so that w, is probability distribution.
Step 2. For each feature, j, train a classifier h,

which is restricted to using a single feature. The
error is evaluated with respect to w,,

€= ;,;wi‘hj (z,)—
Step 3. Choose the classifier h,, with the lowest
error ¢,.
Step 4. Update the weights:

Wy g1, = Wy, 1[31 “
where e; =0 if example x; is classified correctly,
e; =1 otherwise, and 8, =¢,/(1—¢,).
Step 5. The final strong classifier is:

T 1 &
>
-1 Bont =1 50
0, otherwise

1
where o, =log—-

By
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Table 2. SVM training

For a given training set (z,,y,),....,(z,.y,) where

Y, = {7 171}
We—0

repeat
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for i=1,..,n do
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e 1y w,) <1
' 0 otherwise

end for
We—WU {c}

1 n 1 n
until — ) ¢ ——
n i; Yong

Zc,l-yi (wTa:i) <{+te
L =4

return (w, &)
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Fig. 5 Detection results of Adaboost algorithm with
CPU and GPU. (a) A result with CPU (b) A result
with GPU
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Fig. 7 Comparison of detection speed with CPU and
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