Hierarchical Object Category Recognition Technique for Image Based Search System
Takuya Minagawa , Non-member, Hideo Saito , Member

In this paper, we present an object category recognition method for an information search system which is queried by
camera of mobile phone or by servers of internet services. In such a system, processing speed is an important requirement.

To improve processing speed, the hierarchical object category recognition technique proposed by Serre® is modified using
Haar-Like features, vector quantization of feature models, and reduction of processing area. In addition, by retaining the
information of each feature’ s position, it compensates the accuracy which is a little reduced in exchange of processing speed. We
implemented this method to web server, and proved this system can work in practical processing time. Through the experiment

for Caltech-101 image database and natural scene category images, we also confirm the accuracy of our approach.
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Table 1. Image Based Search System.
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Fig. 2. Examples of training image for S2 model feature
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Table 2.

Process time.

Base Method Our Method
Process
mean(sec) SD mean(sec) SD
Sl 1.23 0,009 0.31 0.043
Cl 0.24 0.006 0.27 0.025
S2 11.04 0.037 0.47 0.044
C2 0.05 0.005 0.05 0.007
SVM 0.00 0.000 0.00 0.003
Total 12.56 0.040 111 0.053
QVGA 50
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Table 3. Parameters of experiment
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Table 4. Recognition rate of Caltech-101(%).

Category Our Base Fergust”
approach method

Cars(Side) 98.8 99.8 88.5

Faces 91.5 98.1 94

Airplanes 95.3 94.9 90.2

Motorcycles | 96.3 97.4 925
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Fig. 8. Example of Caltech-101 image set.
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Fig. 9. Example of scene category image set.
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Table 5.

Result of scene category image.

Category Our approach (%)
Coast 83.5
Forest 86.5
Highway 83.5
Inside city 78.5
mountain 80.5
Open country 77.0
Street 86.0
Tall building 88.0
Table 6. Evaluation of our improvement in recognition
rate.(%)
Category Our Without Full area | Gabor
approach | VQ calc of S2 | Filter
Cars(Side) 98.8 97.7 98.8 100.0
Faces 91.5 86.3 915 935
Airplanes 95.3 96.3 96.5 95.3
Motorcycles 96.3 95.3 96.3 98.5
Average 95.5 93.7 96.1 97.3
Table 7. Evaluation of our improvement in process time.
(sec)
Process Our Full area | Gabor
approach | calcof S2 | Filter
S1 0.31 0.31 1.23
C1 0.27 0.30 0.23
S2 0.48 1.81 041
(67 0.05 0.04 0.05
SVM 0.00 0.00 0.00
Total 111 2.46 192
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Table 8. Environment of search system.

Server IBM eServer x306
CPU Intel Pentium4 3GHz
RAM 2GB

Web App Server Apache Tomcat 6.0

40
60 Table 9

Table 9. Recognition rate of operational test. Table 9
Category Our Approach Base Method
Natural Scene | 64.5% 63.3%
Dog & Cat 70.5% 77.3% 8
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