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Abstract Action recognition is a research hot topic and a challenging task in the field of computer
vision nowadays. Action recognition analysis is closely related to its network input data type, network
structure and feature fusion. At present, the main input data of action recognition network is RGB
images and optical flow images, and the network structure is mainly based on two-stream and three
dimension convolution. While the selection of features directly affects the efficiency of recognition and
there are still many problems to be solved in multi-layer feature fusion. In view of the limitation of the
RGB images and optical flow images which are the input of the popular two-stream convolution
network, using sparse features in low rank space can effectively capture the information characteristics
of moving objects in video and supplement the network input data. Meanwhile, for the lack of
information interaction in the deep network, the high-level semantic information and the low-level
detailed information are combined to recognize actions together, which makes temporal segment
network performance more advantageous. Extensive experiments in subjective and objective
comparison are performed on UCF101 and HMDB51 and the results show that the proposed algorithm
is significantly better than several state-of-the-art algorithms, and the average accuracy rate of the
proposed algorithm reaches 97.1% and 76.7%. The experimental results show that our method can

effectively improve the recognition rate of action recognition.
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Fig. 1 Two-stream convolutional neural network
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Fig. 3 Temporal segment network
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Fig. 4 Diagram of action recognition of temporal segment network based on feature fusion
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Fig. 6 Diagram of multi-layer convolution feature neural network
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Table 1 Map Size of Network Layers
X1 MEEEHHFEERST

Network Layers Kernel Size/Stride Output Size

Convolution_1 7X7/2 112X112X64
Pooling 3X3/2 56 X56 X 64
Convolution_2 3X3/1 56X 56X192
Pooling 3% 3/2 28X 28X 192
Inception3a 28X 28 X256
Inception3b 28X 28X 320
Inception3c 2 28X 28 X576
Inceptionda 14X 14 X576
Inceptiondb 14X 14 X576
Inceptiondc 14X 14X 576
Inceptiondd 14X 14 X576
Inceptionde 2 14X14X1024
Inception5a 7TX7X1024
Inception5h TXT7X1024
Pooling 1X1X1024

B ARG 2 RERZFLZEZ

JEA3 3] 28X 28X 192 AYFFAE 1A, Fir 2 4k B dli e om Fr
TE B P AGE , 26 3 4 BOHE 37 18 8 AR )5 B e
fiE% A inception3a JZ, £ 34 inception %4 #4 ¥.0
B 4 ST BIAS B 4 A RRAE ORI 4 2 RRAE 5 G
HERAE N T — 2 05 A5 ) B 2 R AR AT

(c) Visualization of high-level convolution feature map
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TERE A, oAb o H TR A @l A 2 338 0 R AIE 48 L 19K
TR 2R B BRI 1 X1 BB B 4L 15
P 1R )2 BURRAE 7R 2 B BUERIE Y inception5b 2
0% 8 RRAE BRI R L T O 1 4k e AR Ry 4 i
2B
FIF ] 378 265 XL 00 28 IR 1550 45 B 42 00 4% 55 25 (] 9
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fit . 58 J5—J= inception 45 F4 50 H 1) I 2= 45 M
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Fig. 7 Feature visualization of convolutional neural networks
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Fig. 8 Partial action categories in UCF101 dataset
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Fig. 9 Partial action categories in HMDB51 dataset
Fl 9 HMDB51 %z 4 %8 43 3l £ 25 51

Table 2 Accuracy Comparison of Different Algorithms on
UCF101 and HMDBS1 Datasets
%2 UCF101 #0 HMDB51 HiE&E F REEEZABELLE %

Algorithms UCF101 HMDB51

DT+MVSVLs] 83.5 55.9
IDT+FVE] 85.9 57.2
IDT+ HSV] 87.9 61.1
MoFAPL#6] 88.3 61.7

C3D-+IDT! 90.4
TDD-+IDTH 91.5 65.9
LTCHs) 91.7 64.8
LTCHIDTMHS! 92.7 67.2

P3D ResNet+IDTL3! 93.7
Two Stream!2%] 88.0 59.4

Two Stream-+ LSTME9) 88.6
Two Stream Fusion ¢’ 92.5 65.4
Transformations %) 92.4 62.0
TSN(RGB+ Optical Flow) 28 94.0 69.2
Sparse+ TSN 96.9 76.4

Note: Bold fonts represent the best values in different algorithms.

M 2 AT LUE B 3 2K

51 IR AN PR B 2 ) L AR e 2 b g
o BRL R T A R BT A RRE R M
£ UCF101 #4845 1R Gl S m] 3k 8] 8896 &£ 44, 1F
HMDB51 #4548 FiR B2 7 61 %. 41 4n, SCHk
C46 14 H B —F 4% 5 MoFAP B4 4 18 sh FR1iE
ZRFE 3 H A 4 SR H B B R AE L8 Bl R L
gigm . s R FRREISETHE T
Bt Tz 2l i ) o X 2 1 B B i A 1) An gk s 43

H 3 AT R B Bhi GREBEMERS . RE SR =
Z 8] B A A A k3 23 A, 3 2o ik Ay 2l
FHRRAE XF AT O 1 FRAE B8 7 5 L DA v UG 2
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SR e T LA GR B SR L HL B AR G
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Ivi) 1y st (6] 0 2 ) A2 =X, A 2 47 Sk FT BB 7 22K TR Y
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T AR AR ey st K DL B o 3 1 %

553 2R RO 2 AR 2 ) 4% I R L 8
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B TR P I 8 43 ) ) 248 5 N I I R 28—
&7+, 7E UCF101 LR 5 R AT ik 5] 96 % UL I, 7E
HMDB51 iR GRS T 76 %.
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Table 3 Comparison Recognition Rate of Different Convolution
Layers Fusion under UCF101 Dataset
®3 UCFI01 BiEESEH 1 TARSRERME AR R
%

Fusion Layer RGB Optical Flow Sparse
Inception3a—>Inception5b 87.70 92.59 85.02
Inception3b—Inception5h 87.85 93.03 84.80
Inception3c—>Inception5h 87.83 92.98 84.94
Inception4a—Inception5b 87.85 92.86 85.36
Inceptiondb—>Inception5b 87.13 92.91 85.86
Inception4c—>Inception5b 87.10 92.77 85.45
Inception4d—>Inception5b 87.71 92.99 85.71
Inception4e—>Inception5h 88.09 92.77 85.97
Inception5a—>Inception5b 88.22 93.56 86.10

1k R 2 R AR LG B9 AT S R
53 P 45 1 A R S5 5 /E UCF101 il HMDB51
X2 AN AT R PRI RS 4 XL EEAT T8I, O
SR R — e MUR L DL R IR AT T AR,
XFHEE R 4 FR.

M 4 AT LIE ) 2 E ARG AT S U B
3 P 4% 358 D AT ) 5 4 AR AT ) BRI ) O 2 A
—E ML T+, UCF101 1513 R 97.1% , £ HMDB51
B LT LIRS 76.7 %, UL IIR Z BB E 5K 2
B R 6 M 45 M RR r B T B A — R L
WER R IR G A BE B 10 A 11 R . o i 3 R
8 AT Bl A 200 sy il 2 s S A AR B 4 2 L A

76 Rowing
77 SalsaSpin
78 ShavingBeard
79 Shotput

80 SkateBoarding
81 Skiing

82 Skijet

83 SkyDiving

84 SoccerJuggling
85 SoccerPenalty

True Label

Table 4 Accuracy Comparison of Different Algorithms on
UCF101 and HMDBS51 Datasets
% 4 UCF101 71 HMDB51 BiE & F AR E EZ B ELR

%
Algorithms UCF101 HMDB51
C3D+1IDTC] 90.4
TDD+IDTH7] 91.5 65.9
LTCHs] 91.7 64.8
LTCHIDTL8] 92.7 67.2
P3D ResNet+IDTE33) 93.7
Two Stream!2%] 88.0 59.4
Two Stream-+ LSTMM?J 88.6
Two Stream Fusion[6’ 92.5 65.4
Transformationst?*) 92.4 62.0
TSN(RGB+ Optical Flow) 2! 94.0 69.2
Multi-layer Feature Fusion 97.1 76.7

Note: Bold fonts represent the experimental results of our method.
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Fig. 10 Accuracy confusion matrix on UCF101 dataset
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Fig. 11

Accuracy confusion matrix on HMDB51 dataset
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