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Abstract; This paper presented a novelty classification method based on histogram of gradient (HOG) features and principle
component analysis (PCA). Firstly, it extracted HOG features of image and whitened the features. At the second stage,it sub-
sampled the features to an uniform scale, then extracted the image HOG features and projected these features into PCA space.
At the last stage, it compared each test image with the PCA projections of training images, searched the nearest image compa-
ring to the test image, finally it decided which class the test image belonged to and its max confidence scores. It implemented
this method using C ++ ,and based on OpenCV 2.4.3 and Darwin 1. 3.2 platform, tested this method on Pascal 2012 dataset
with comparing to BOW-SVM method. The experiment shows this method has advantages both on running time and classification
precision.
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bird 289.7 130.3 horse 770.8 109.0
boat 210.0 140.3 motorbike 255.6 108.8
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-7 RP RN RP RN
| 0 343 106 242
acropiane 64 5416 189 5286
. 0 284 25 265
biclye
. 0 5539 301 5232
. 370 0 61 313
})lrd
5453 0 363 5 086
0 248 36 216
boat
0 5575 239 5332
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bottle
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bus
0 5615 199 5413
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car
0 5252 500 4715
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cat
0 5282 382 4 897
. 0 553 177 465
(',h‘d.lr
6 5264 539 4 642
0 152 17 137
cow
0 5671 204 5 465
» 0 269 55 268
diningtable
0 5554 314 5186
0 654 126 535
dog
0 5169 562 4 600
0 245 26 219
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0 5578 228 5 350
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person
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0 5 669 219 5449
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train
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. 0 285 68 227
TVmonitor
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5 BT PR A 2
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TA AP AR TA AP AR
aeroplane 0.93 0.47 0.49 0.94 0. 66 0.64
biclye 0.95 - nan 0.5 0.92 0.51 0.52
bird 0.06 - nan 0.5 0.88 0.54 0.55
boat 0.96 — nan 0.5 0.92 0.55 0.55
bottle 0.94 —nan 0.5 0.87 0.52 0.53
bus 0.96 —nan 0.5 0.94 0.59 0.60
car 0.90 —nan 0.5 0.84 0.57 0.58
cat 0.91 —nan 0.5 0.86 0.55 0.54
chair 0.90 0.45 0.50 0.83 0.58 0.59
cow 0.97 —nan 0.5 0.94 0.53 0.54
diningtable 0.95 —nan 0.5 0.90 0.55 0.56
dog 0.89 —nan 0.5 0.82 0.54 0.54
horse 0.96 —nan 0.5 0.92 0.53 0.53
motorbike 0.96 - nan 0.5 0.91 0.52 0.52
person 0.57 0.37 0.45 0.58 0.56 0.56
pottedplant 0.96 —nan 0.5 0.91 0.52 0.52
sheep 0.97 —nan 0.5 0.94 0.51 0.52
sofa 0.96 —nan 0.5 0.90 0.54 0.54
train 0.95 0.48 0.50 0.56 0.56 0.55
TVmonitor 0.95 0.48 0.50 0.92 0.61 0.60
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