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[Abstract]

With the development of deep learning technology and advances in computing power, video-based
research is now gaining more and more attention. Video data contains a large amount of temporal and
spatial information, which is the biggest difference compared with image data. It has a larger amount
of data. It has attracted intense attention in computer vision. Among them, motion recognition is one of
the research focuses. However, the action recognition of human in the video is extremely complex and
challenging subject. Based on many research in human beings, we have found that artificial
intelligence-like attention mechanisms are an efficient model for cognition. This efficient model is ideal
for processing image information and complex continuous video information. We introduce this attention
mechanism into video action recognition, paying attention to human actions in video and effectively
improving recognition efficiency. In this paper, we propose a new 3D residual attention network using
convolutional neural network based on two attention models to identify human action behavior in the

video. An evaluation result of our model showed up to 90.7% accuracy.

» Key words: Deep Learning, Convolution Neural Network, Attention Mechanism, Video Processing,
Action Recognition
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I. Introduction
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II. Related Work
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Fig. 1. Residual Network
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oleigt W ololx] QA Rololx Yt Aukg uol
F3 Qe
ABTH APAL Hgolo] 94T 5L el AR
= tfeat 7t} 2012 AlexNet UES F[6]= ImageNet
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III. Method

1. Proposed Residual Attention Network

£ =2olA Alotehs W Fig. 19] H7 HEY3
[11g 7130z Fig. 29} o] Pl

7]+ ResNets 552 27119] =54 2fololz F7dg]
W 7 =234 glojojoll= HlA] el ReLUZT QlTt.
812 7| At 2%0) At 259 ojx|3t Rell A
319] #lolojo]l ¢idsk 2 sict. 3D 2EH 2 3D
9= 77160 3D AR UEYAE F/dsto vl &
ZH-A1Z HojElo] o & A25tE S gt o] uigos
2] £9] T-E{(attention module)5< #olA] At& F9]
Y E Q] I(residual attention network)S JL&8t1A} sh
ok 77je] 9] Rol AIRF L §7F HolEis AEA
oz AelsP] At & A 29 wE 5 AE £
(channel attention)?} 57t Z9](spatial sttention))S
=IcHE Ao] Z1E 3D A5 UEgae e 5 &
Aolct.
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7] Yol AE 79 W Z7F Fo] wHlS Z7sE Jgdojch

3D AEH AHYS HEs & APEE HA Yeature

map)]] 2|5 7]1&¢ O, 31t 79 Z&0] 559
Vs We Antshs WAoo oldo] hE AHg Y EYS
oF vluwsl ApEehd 7ol

Skip Connection Skip Connection

=1,

Residual Attention Block

F(x)

uonnjoAuo) Qg
~
i
(4’ =
EE
g

uonnjoauo) g

{ r(x)

Residual Attention Block

Fig. 2. Our Proposed 3D Residual Network Residual Block
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2, Attention Models

2.1 Channel Attention Model

# =Ro)4 AFgStE £ JHA] 5o 39S oS Fig. 3
b 2tk WA AE FolE A¥st taat 2.

Fig. 201 3D 2183 A& = Ao E%(max
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soat A0} 2

Layer Perceptron)=

2o X8a Al o) MHE, MLP(Muli
o} HAERS ojujdict
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max

Fig. 3. Two Attention Models

2.2 Spatial Attention Model
2 =2olA AMgShE & 7H] 9] 29 & 31 39
£ Asiel oheat 2ok
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IV. Experiments
1. Datasets

2 =eofA= Tigst duejEe] HdsE7tE ol &
adeidl & KA ol AE UCF-101[11]xt
HMDB-51[12]2 Ar&stach

1.1 UCF-101
UCF-1012 YouTubeol|A] £413H AIX|AIQ1 QA H|C]

Q tlo|gHo]AS ZEohiL %%Eﬂ 1017]14 /q 2 q_

ZHE|a2jollAf 13,320709] A 2
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Fig. 4. UCF-101 Data Set

1.2 HMDB-51

HMDB-51 Hlo]&} AlE £ tjsiie] u]r]Q Hlolej2
s} ®L 28 olEHo]2 L YouTubeo} 2 2}l
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M=o| matElo] 9l Wx|0P) Hlo]E AlEo]ct.
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Fig. 5. HMDB-51 Data Set
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2. Training Process

AlzgoldE sl & ==ollX= HA], HiolHE o
N|E(training set)t E|AE N|E(test set) 2 LH0]A] £l1e8
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gohal, Y AF27|E ARESto] "|g o]u|x] 27|
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3. Performance Evaluation
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Table 22| Glo]EJolIA] & 4 QICk ol AR Hhjo] =
R{151ur} % 71x] o] melo] ARYALS thest A1
7] 2ol7] % stct.

AHA= Table 1, Table 29 AJA|s}$iTt. Table 1
oM UCF-101 Hlo|8 NIEZ Al 7HA] 2§02 U
2 & s L5 (splitfyz 8519, & =04 Aokt
Wik 710 of2 3D 3 WEYIeke] Hsulne
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J
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Fig. 6. Original image(top) vs. Our mode image(bottom)
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712 gepd AESEE Ao T|E HPeg iE )
£9150] w5} 72.7%HA] FAA FUck wehd B0
wre HQ ojo|xIS SAl0] ZHstel A8 4 9o
ol FyEe ¢ 4 ook

Table 2= UCF-101 djo]&| N|E<Q} HMDB-51 H|o]g]
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7129 Th2 3D Ahf YEYa0k) A5uluAng By,
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o2 & 4 oIk AT RS 5 x| To]e] AE]
| 232+ 90.7%2} 63.1%2] A& S Hol=9it} Fig. 72
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Table 2. Accuracy (%) performance comparison of our
model with other methods over all three splits of
UCF-101 and HMDB-51

Method UCF-101(%) HMDB-51(%)

Table 1. Exploration of our model and other 3D c3prel 823 5.8

ConvNets on the UCF-101 dataset (split1) Conv. Fusion[17] 82.6 56.8

Method Accuracy(%) Two Stream[18] 88.6 -

ResNet3D-50[1] 59.2 ResNet3D[1] 86.1 55.6
DenseNet3D[10] 68.5

Our model 728 DenSeNet3D[10] 88.9 57.8

Our model 90.7 63.1

Fig. 62 92]]'3 ¥]c]Q. olu]xle} o] B]]e. ofo]xlo]
Akt RS MG S HolF 02, ofe) T
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Accuracy(%)
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Fig. 7. Accuracy (%) performance comparison

V. Conclusion

B =RolAle £0] 2] J|vi A2e 3D A )
E9)3E AslT At UEY 0] e A5
A 7R 83 TA AL 5 ke Zolck ofy
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£0] 3D A5 YEYD 2 J|ef YEYT0] Hsuct £

22 % 4 AR 019E T 1K 3o BEF 5
o 3 B XN AMgaLE 9] mhRolck
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