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Recognition and matching of hand-drawn sketch based on neural network
YANG Jinkai, WANG Guozhong, FAN Tao
(School of Electronic and Electrical Engineering, Shanghai University of Engineering technology, Shanghai 201620, China)

[ Abstract] Freehand sketching is usually a visual representation of people’s ideas or concepts that can be completed by a few
simple strokes. It is very easy for humans to recognize the meaning of sketches, but it is very difficult for machines. In order to
realize the accurate recognition and matching of freehand sketches, a new idea of feature fusion is proposed, which USES the
features of neural network to fuse the features of all levels of networks to realize the accurate recognition and matching of sketches.
First of all, we fuse the features of the neural network layer by layer and merge the shallow features with the semantic features of the
depth. However, the traditional network only USES the depth features but ignores the shallow features. Experimental results show

that the accuracy of this method is 98.3% , which is better than traditional network.
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Fig. 1 VGGNet level network structure diagram
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Fig. 2 The standard neural network (left) and the post—Dropout

neural network ( right)
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Tab. 1 Compare the accuracy of different algorithms in this data

set
ke HET R top—1/%
HOG+SVM 58.01
MKL-SVM#] 66.81
FV-spls] 69.92
AlexNet 70.58
SN1.0!¢) 75.93
Inception V3 76.07
SN2.007! 78.95
ResNet—50 79.88
VGG 88.02
Ours 98.32
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