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Abstract
or color. In this paper, a hierarchical detection algorithm for ridge objects based on geometric sparse representation

The profile of rigid objects has the geometrical characteristic and is insusceptible to illumination, texture

of profile is presented. In the framework of part-based model (PBM), the object profile is automatically divided into
geometrical parts by the sparse representation using the matching pursuit algorithm. To describe the spatial relationship
of the geometrical parts, an ordered chain-like structure is constructed according to the order of the matching degree of
the parts and the object profile. With the ordered chain-like structure, the detection range is gradually shrunk at each
hierarchy. The final salient map of the object is the weighted summation of the parts’ salient maps, and the weights are
defined as the matching degrees. The simulation on the PASCAL datasets shows that the proposed method outperforms

the existing models in rigid objects detection, and saves 60 % to 90 % detection time compared to the state-of-art methods.
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((a) The sample image of the detected object; (b) Binary
object profile; (c) Geometric parts)
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Table 2

ARSI 85 FEAR T i i B A5 H B

Number of parts of our method and other methods

Boat Bike Bus Car Aero Bottle Train TV Cat House Bird Chair Cow Table Dog Pers MBik Sheep Sofa

Base 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6
BB 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6
Context 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6
LHS 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45
Ours 4 7 3 5 5 2 3 1 3 8 6 6 6 5 7 7 5 6 5
3 ARSI HA TR ARSI 1] LA (s)
Table 3  Detection cost of our method and other methods (s)
Boat Bike Bus Car Aero Bottle Train TV Cat House Bird Chair Cow Table Dog Pers MBik Sheep Sofa
Base 2.11 2.34 198 2.01 2.21 205 204 1.99 2.18 2.13 2.07 2.11 223 1.89 2.02 1.97 2.13 2.08 1.94
BB 2.15 240 2.02 2.07 2.25 2.06 2.07 1.99 2.21 222 209 212 225 192 205 201 217 2.13 201
Context 20.8 21.7 204 204 21.6 20.1 20.8 21.1 21.3 20.5 214 20.5 214 20.6 21.6 209 21.2 213 20.7
LHS 821 804 7.83 7.79 793 7.73 7.94 7.53 812 &.17 818 7.78 802 7.82 8.13 809 &8.11 8.08 7.98
Ours 1.47 2.49 1.01 1.73 1.83 0.72 0.82 0.33 1.07 2.72 1.68 1.56 1.61 1.52 2.11 2.24 1.47 1.87 1.50
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Fig.9 Detection results on VOC 2007

T4 ARIOFEEHALI A PASCAL VOC 2007 L P46 1 5 Le A
Table 4  Average precision of our method and other methods in PASCAL VOC 2007

Boat Bike Bus Car Aero Bottle Train TV  Cat House Bird Chair Cow Table Dog Pers MBik Sheep Sofa

Base 0.134 0.546 0.384 0.464 0.290 0.262 0.340 0.390 0.161 0.436 0.006 0.163 0.165 0.245 0.050 0.350 0.378 0.173 0.216
BB 0.143 0.552 0.394 0.501 0.289 0.266 0.340 0.381 0.165 0.451 0.006 0.165 0.166 0.245 0.050 0.362 0.383 0.174 0.228
Context 0.153 0.561 0.389 0.504 0.287 274 0.387 0.377 0.206 0.480 0.025 0.179 0.185 0.259 0.088 0.368 0.412 0.162 0.244
LHS 0.143 0.558 0.440 0.513 0.294 0.286 0.368 0.393 0.213 0.504 0.094 0.200 0.193 0.252 0.125 0.366 0.384 0.197 0.251
Ours 0.1540.561 0.441 0.541 0.294 0.288 0.403 0.381 0.173 0.497 0.004 0.003 0.062 0.004 0.027 0.219 0.289 0.056 0.007

4) DAFBA VT HC B2 R B IR Rl & -5 1 2 25 1
KA H br W B, S TR 2= R B e

7£ PASCAL VOC 2007 P45 & & i 1k v
P, RSO H AT O RS BRI NI H bR B
R gs g AR F T 1) B 7E R AR T
) AR Y . YA T AR B 24 45 [, A A 2R o L
k.
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