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Research on Human Action Recognition Algorithm Based on
Deep Residual Network

FENG Yu, XI Zhihong

(College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Aiming at the problem that the original C3D convolutional neural network has a small number of layers, a large a-
mount of parameters, and the difficulty of focusing on key frames lead to the low accuracy of human behavior recognition, an im-
proved C3D-based attention residual network model is proposed. First, adds the original network convolution layer and uses the con-
volution kernel merge and splits operation to realize the asymmetric convolution kernel of (3X1X7) and (3X7X 1), and then the
fully pre-activated residual network structure is used to increase the constructed asymmetric convolutional layer, and the spatiotempo-
ral channel attention module is added to the residual block. Finally. in order to demonstrate the advancement and applicability of the
algorithm, the algorithm is compared with the original C3D network and other popular algorithms on the benchmark data set HM-
DB51 and the self-built 43 categories sports data set. Experimental results show that compared with the original C3D network, the al-
gorithm has increased by 9. 88% and 21. 61% on the HMDB51 and 43 types of sports data sets, respectively, and the quantity of pa-
rameters has been reduced by 38.68% , and the results of the algorithm are better than that of other popular algorithms.
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human behavior recognition
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VAT C3D R Ak 2 S BTG P Re . AR SCR
FARE AT AR B e % ACC (Accuracy) . % ROC (Re-
ceiver Operating Characteristic) HiZR T A1 L AUC (Area
Under Curve) LI %F#i% PR (Precision Recall) BT 19
M AP (Average Precision) {8 B2 ] i 550 5F 4 15 3] 14 S
Yk (mAP, mean Average Precision) 7£ HMDB51 %4
ERIRF 2 S B0 4 b XA R AT M RETE A, F BN
BV R AL, WR AR 280 (Params)  FIF 808 5K
B (FLOPs) SR il Xof A58 B4 14 2 (1) 1 (] 52 2% B2 A7 3F
Hr AUC A RE 8 5 A b S WL T ROC [ 2R Al & 1) 14 45
BYERE, @ AUC BUE X E 2y (0.5, 1], JF HEEBK
BEAL Y 3 OB, AR RS20 PR T A AR AP,
DU S W T 24 R A R 4 2 0 1 23 R PERE . T AP R I 2 XS
SRR AP B B S0 7 24 ok AL 2 B AR A B A
SRS PERE . mAP A [0, 1], HREBORBIAR 43 2
ORI . T ROC 27K 5 % 5 REA A A 6956 0
M7 2488 A A 43 A A 22 AR KBS PRl 48 58 A B b 43 28 45 1
RE. FTLANRETE 47 0y f S B PR RE . AR SCIm] B R JTT 3k 7 b
8 bR X B ARLIE A

C3D H F 13k 22 M 4k 45 4 ]
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TEXS AR AR AT S 25 A7 R0 I 5 28 5 %) LA K dis
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HMDB51 3216 45 R 53 17

A T 32 2B AEBR . JE R R B
LHTHINGR, BT LA AT APt SEe v BT M 2 4
TR AR AR 7] S5 36 5 45 i K BRI 4, 39 30 1 AT fol &
i KRB IR B ZRB A,

AU LS AE HMDBS1 048 48 B #E17 14k, Bl 2k
B2 20 hy ASCHE B S B AR AT AEAT A - 515 %
C3D™ Hl Res3DM #£ HMDB51 | #F 17 PE fig bh e, 3 Ffsi
B PR FN I k3 F2 an 1 10 J 7

3 PRI FE HMDB5 1 K4l 42 [ Ay i 45 21 DL S 45 vk
REFEARZE RANZE 1 FiR,

5.1

# 1 HMDB51 48 4 MR 45 R X b
i A ACC/% | AUC | mAP |Params/10° | FLOPs/10°
C3D 31.16 0. 88 0.24 78. 20 38. 66
Res3D- 18 36.12 0. 89 0.32 33.20 37.54
Res- iCBAM-
41.04 0.90 0. 36 47.95 45.32
C3D(A )
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