40 B3 4
2018 £ 4 H

toOF L

Journal of Electronics & Information Technology

IS S

Vol.40No.4
Apr. 2018

~

A B EEIN S S AR MK N T BIRR

L A" O RSH W M BLE
(T TEXFOFRELEIAEFR K& 300401)

# E: FHUOWEANNZEM TR —, EANLERHGERKENSREZIEE . ST HueR. . 485
FEAR SO AR A ), 12303 T2 AR AR M 4% (Densenet ) 15 25 ) 6 40 0 4% (STIN) 4 HH T — i 2L ) 9 28 45 44
Densenet_ V2, S F 2 1) % i 104 28 58 iy N PRI RE A FIREAGE, ST 3EAT 20 [A) A8 e ROnT 5%, PR 3 R 5 AR M 2% B Z)) 42 1)
TFAME L, il 2k 2y AR T AT 03 A Bii 1k P 28 BT A R 0 Bl G, S5 ) 488 dEA T 1 25
HFZE 3 R AR N L2 1E I DLSEIUA T . £F Marcel FHE LT 2 IRK . LI H K, Densenet V2
AT LA S0 A AR T A U

KA. FRAUGN: TBA, HEBIMYS, AFHmM L, L2 1E N5
FESES: TP391.41 MERFRIRE: A

DOI: 10.11999/JEIT170627

XEHS: 1009-5896(2018)04-0951-06

Gesture Recognition Method Combining Dense Convolutional
with Spatial Transformer Networks
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Abstract: As an important milestone for the development of the artificial intelligence, gesture recognition enables
the human-computer interaction and has received significantly growing research interest nowadays. However, the
current technology for the gesture recognition has the low quality in the gesture rotation, translation and scaling.
To solve the problem, a novel network structure named Densenet V2 is proposed, and it is based on Dense
Convolutional Networks (Densenet) and Spatial Transformer Networks (STN). Firstly, the input samples and
feature maps are spatially transformed and aligned with the STN. Then the effective features of gestures are
automatically extracted by using the Densenet. Finally, the linear classifier is adopted to classify the gestures. To
prevent the network model from over-fitting the sample data set, the L2 regular term is involved into the loss
function to achieve the weight decay when training the network. Experiments on the Marcel gesture database show
that Densenet V2 can improve the recognition rate of static deformation gestures.
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