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Action recognition based on deformation convolutional neural network
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[ Abstract] As an important problem in video classification, Human action recognition is becoming a hot topic in computer vision.
Due to the fixed geometric structure, convolutional neural network ( CNN) is limited in its modeling of geometric deformation,
which makes it difficult for the action recognition network to express its behavior robustly. In this paper, a action recognition
network based on deformable convolution is proposed. Firstly, this paper introduces deformable convolution to construct a module
that can learn spatial appearance and temporal motion cues cooperatively. The module learns the features of three orthogonal views of
video data respectively and then fusion them. Secondly, on the basis of the ResNet network, some key convolution modules in the
network are replaced with this module to produce a novel and improved 3D-ResNet network for the training and testing of video data
- sets. We have trained and tested this method on UCF101 and HMDBS51 datasets, and the results show that recognition accuracy of

this method is more excellent than most of the existing advanced methods.
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Fig. 1 The overall framework of the network in this paper
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Fig. 2 Modules with deformable convolution
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Tab. 1 The impact of experiment result by deformable convolution
factor on UCF101 dataset

method acc (top—1)
ResNet-50 89.3
ResNet—50+DSTC 89.9

1E UCF101 F1 HMDB51 %t#s 45 |, 7 M Wigg 5
Xif HEABE AR AU RSO, W A SO i A 2 i — S 5
Dk T e, WA 2 fiEk 3,

F2 UCFI101 #1375 5 F 7R ) R 4 430 (R B e

Tab. 2 Recognition performance of different networks on UCF101

dataset

method dimension acc (top—1)

C3D 3D 82.3

P3D 3D 88.6

TDD 2D 90.3

TSN-RGB 2D 85.7

C3D 3D 82.3

P3D 3D 88.6

Two—stream 13D 3D 98.0

T3D 3D 90.3

3D-ResNet-50 3D 89.3

Ours—RGB 2D+3D 89.9

Ours—RGB+optical flow 2D+3D 90.3
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Tab. 3 Recognition performance of different networks on HMDB51

dataset

method dimension acc (top—1)

TDD 2D 63.2

TSN 2D 68.5

Two—stream 13D 3D 80.7

T3D 3D 59.2

3D-ResNet-50 3D 61.0

Ours—RGB 2D+3D 61.8

Ours—RGB+optical flow 2D+3D 62.5

F2 RNk 3 KM, M HL T —LE A B RCR R AT
()73, AR SCHR: 7 2 e A5 311 AR B 1K 3R 531
ERR, SEEGUER | 8 X R 2% 3% B A7 S Sk Ak
PEHLAE B, TN 2% R BIPERE , E— e AR
SCHT A B AT S A (EL

7E UCF-101 $d5 45 I, DSTC J5 32 I 2 AN 56 I
1 AR A U 5 O R e AR AL, IRl S TR



58 /ORI B NS5 NMOA

Bl 2 DI RN B0k 3k R A0 2R AT, 28 ST 2 {38 ¥ ik
/N, DSTC BEHY R B4R B AR 4

R T R T ELU MU AR ST Al RBOR
M UCF101 A1 HMDBS1 £ e B T 6 2257 1
B AT R 28 B AT P AAL B 5T, SR T DSTC
TSRS R 1 1 2 3R B R 3R X
DI A (2 3 P iR A HOG R s, A
BT LUK SR, AT 5 1k RB A% B 47 11 2 A5 38 1o
TERTEAS | BEINAG 25 kb, DG 3 AT B B 2 () R AIE [X
5, BEAS AR AR B B B 2S5 Bk T2 ) LR TH T
SRR AR R 6 Fs

EAEs
Train

5.0 Validation
% 4.5
3
-, 4.0
j=N
£ 35
=
= 3.0
[2]
172}
S 25
&)

2.0

0 20 40 60 80 100 120 140
Epoch

E5 JlZREIESERARETNL
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