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Abstract  One of the commonly-used detection methods in shape matching is the sliding window,in which multiple ob-
jects, different in size and position,can be detected. The detection performance is generally measured by detection rate
and false positive rate, The two parameters in sliding window detection method, sliding step and the scale step are em-
pirically selected for high detection rate and low false positive rate. However, those two factors can be formulated as a
typical two-objective optimization problem, while the empirical selection shows no consideration over decision-makers’
different preferences regarding detection rate and false positive rate, Given the fact that decision makers’ positive pre-
ferences are represented by high detection rate and low false positive rate, and negative preferences, by low detection
rate and high false positive rate, the paper introduced the bipolar control strategy and then proposed a new way to opti-
mize the sliding window parameters based on Bipolar Preference Multi-objective Particle Swarm Optimization (BPMOP-
SO). The new method was applied in the detection experiment on Leeds Cows image datasets. The experiment results
show that the performance of the new method is largely improved,i. e. , the false positive rate declines sharply and the
detection rate improves significantly,and that the efficiency of the algorithm ameliorates considerably as well.
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- Codebook Matching False positive Detection
Kiateguny size ratio rate rate
0. 50 0. 000474497 0. 992481
0.52 0. 000366953 0. 944000
i 0. 54 0, 000259414 0, 929825
0. 56 0, 000181810 0. 890909
Cow
0. 60 0, 000728256 0, 976744
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0,72 0. 000130002 0, 737374
x2 PR EdE
5 Codebook  Matching  False positive Detection Precision
luataghex size ratio rate rate rate
0. 50 0.000148120 1. 000000 0.576923
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0.72 0. 000078348 1. 000000 0, 500000
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0. 60 0. 200000 2. 107610
0. 64 0. 210861 2. 431820
s 0. 68 0. 200000 2. 345490
0,72 0. 212157 1. 331690
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Categor Codebook Matching Running time
egory size ratio (second)
0.50 Before 525. 311
’ After 435, 123
Before 543, 256
0.52
50 After 461. 324
Before 535. 457
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After 457, 283
0. 56 Before 560, 765
Co : After 456, 831
" Before 530. 855
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After 424,123
0. 64 Before 548. 156
’ After 468. 678
24
0. 68 Before 536. 789
) After 460. 443
Before 508. 389
0.72
After 438, 275
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