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Abstract

Due to the non-rigidity of human motion and the diversity of apparent features, it is difficult to
accurately identify human action in real scenes. In this paper, an online recognition method of
human action based on recurrent neural network is proposed. The human joint points are used as
the main features. The deep learning is used to model the action recognition. The recurrent neural
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network learns the temporal correlation of continuous actions and realizes online recognition of
human actions, in which the attention mechanism is introduced to improve the training accurate
rate and decrease over fitting. Through the training and testing of UCF dataset, the proposed me-
thod achieves high accuracy and stability, which shows that the action recognition model based on
recurrent neural network is effective for online recognition of human motion in real scenes.
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NARENVE RSB E ANARIZ B A B, i N FHTERAI BT AWLZ B H B R, Adhae 2540
W, AEBEREFVIESCRNHME]. BE KSR, REEIR R AR S, X
NABRSAE U B HERAYE L SEB PR3 T SE R o T AR ERI I (038 B AR S AR AE AR A ) 2 R 1
DA S35 S R VRIS, o NARSIE IR B R AT R FAE VT Z R M . ARSI EREA ikiz s,
iR, FAEEAGE T BRI NN 25, HTRNERZR MM ERAEL,
UL R B A E R 2B 4D E R RSO T 71, B TR R R R BE St
B, (HE 4k RGB MUK AR A2 Hicdis 1) 32 BERVE, 7RISR A S i . 7E 4B A R AR SRR AE
DTG AR TR IERESEAR AL, EBART B SR BN EIR A SRR [2] [3]. EBLSE R, A
EHRBERAE BB U NARBIVE IR 5l 22 7= A — g 52

BIAERFAE 2 S Y ) 25 [V REAE 5 i (AR AR L, FH ORI A AR RS e . R FUE . JLiis 5. Qin
S BT SR S B SR IR 58, SR KLT BRERR 25 RIS AE, HEERER 15 2 Sz R
e, B 2 S INERAT 70 280 [4]. Mekruksavanich BT 728 @ik ik as, $RHE—Fh 2SN Z05
%, ST XIS RENEIRGI[S]. Sevilla-Lara $& HAESCRAE S TSR A2 H, B T SRR i
HRE[6]o AEGEIIR A  IR BUR 2 HORRAE I 8, JE SR VI GRIT IR 2 A8 34T IR0 o REAE B EURI B E IR 501 2
PN B AR, BT B ERRE A 2, 30 T SR BN ERHE I SR R BE . XA E B bR 0 [F — 34,
B2 F—HARIZENBIE, AR REAE PR — 20 . YRR i B 45— Ml 2 F 1 B 14
SEJTH, SZAFE AR, PR AR (b RE S I ) R

TRIE S IR 2 24 W4k 5 ] S RRAE, 7EEMGAREE. HAR IR RIUE T RIFHIMERE.
THIEEMIM, LR IR S, FET B AN 1 I VELESE R A 1)is k2 (7] .
Simonyan 2 A\ & H —Fh 23 (B G FA 45 A I SBOG R XGRS B, BT RAF I PERE[S]. Cao STk KR
HU CNN HHIE, 454 EM% RGB B4l fyd s 705092, FIF LSTM YIlZk5325(9]. ZHA S HEXH AT AN
FRAERREL, FIF SVN #EATEIE225[10]. IRZMIZE AlexNet. VGG A5 R 1 48 K [0 4% (1)1 B SR 3145 HE 4T
FIMGBCR[11] [12]. GoogLeNet it 5] A Inception NI % L& 454y, [ LK GEMIFRIERS, [BIK T 23
N RA A EH[13]. Huang $2H & 4% DsenseNet, ¥ Fra WL 2B TER:, S 2% Cn
1 AT J2 PVRREAE N, AR R R B SR (T B2 14] . Wei $2H B0 GooLeNet, X softmax
ITEE /NN, RIS 5 2, BB Iz AREFI[15]. BEAE AR LR BRI 8 FE AN WG n, B
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Figure 1. Model framework
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3.1. CNN &3t

N G SR A 1) 25 (BARAE, A R A ISR M 4%, SRR FE AT 2 S B R, AT DA W)
HSHHE, BRI S MAMZSII4ER R 224 x 224 x 3, 3LH 12 )2, 5 1 ERAERER
B, 24 0GR, SSKE 2. W2 BITME, ATIRER - EER, f)a— Z 0 4EE R 28 x 28 x
384, W% 1 Fizn, Convdp FANREA 73 BER, A& 3 x 3 FIREERM 1 < 1 FIESEH,

Table 1. Architecture of CNN

5% 1. CNN MR ZE#

A HBIRZ LR AR Az N
LO Conv 3x3x3x24 224 x 224 x 3 2
L1 Conv dp 3x3x2 112 x 112 x 24 1
L2 Conv dp 3x3x2 112 x 112 x 48 2
L3 Conv dp 3x3x1 56 x 56 x 96 1
L4 Conv dp 3x3x%x2 56 X 56 x 96 2
L5 Conv dp 3x3x1 28 x 28 x 192 1
L6 Conv dp 3x3x2 28 x 28 x 192 1
L7 Conv dp 3x3x1 28 x 28 x 384 1
L8 Conv dp 3x3x1 28 x 28 x 384 1
L9 Conv dp 3x3x1 28 x 28 x 384 1
L10 Conv dp 3x3x1 28 x 28 x 384 1
L11 Conv dp 3x3x1 28 x 28 x 384 1
feature
\ Si L,» \f
3x3 Conv dp 3x3 Conv dp
¥ ¥
3x3 Conv dp 3x3 Conv dp
i>2 Y Y i>2
3x3 Conv dp 3x3 Conv dp
1x1 Conv dp 1x1 Conv dp
¥ ¥
1x1 Conv dp 1x1 Conv dp
v v
S A
o
Figure 2. Pose extraction
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Figure 3. Action recognition
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4.1. B MERLE

PEPAP LR 26 2 — S FH T A BRI 5] 7 BB IR 22 N 2 . R RNIN 28 Ab 3K 7 F A7 A2 Ao PV
RAKIAH . SMESEERREY], ARaMERH—higinl D e, teanE. M. k&, HERMN
FWEFHIFFEERA, Eild bR SR R A RN K HATEIZ 4048 I 4% (Long Short-Term Memory, LSTM)
Fe— MUK ) RNN, @ AT 6B Ieic i KIME R, R e SR I ZRoct R b R S aad PR 114 ) R

=)= LSTM M S5 K8 I,  HRHE 5 21 AH <18 18] KR il i) 2 A8 A 27 SRR BIE . BT I 2RI AR AR
— R A BIBF 1), IS 55 () A0 AN — 5 A& 43 BB (A0, 2 )2 25 AR A B SCRT LSRR 2R . LSTM
W& ZEER LT 2, F— 2T HLE T — /L $:{/E BReN 1 Dropout. ] BReN #EATFEA KA — L AbHE,
Dropout FAL 5 7556 73 #H 2 oAU, SEILIE WAL B A .

Table 2. Recurrent neural networks

3 2. BEIRFEMLE

= Bt
Input (Batch, Step, 34)
LSTM + BReN + Dropout (Batch, Step, 128)
LSTM + BReN + Dropout (Batch, Step, 128)
LSTM + BReN + Dropout (Batch, Step, 128)
Attention +Flatten (Batch, Step*128)
Dense + BReN + Dropout (Batch, 128)
Dense + BReN + Dropout (Batch, 64)
Softmax (Batch, 32)

4.2. FEHHH

(EZ 2 LSTM FZ MR IMNTER R, A EERHETIIR, R MR R, VR 2
24 SRR A SR o PERCIURIE I SRRk, BT SR AEROBLE, R AR AR et D BLR
1, AT SRR A FAERLE, ARSI AERF U3 0 SR A K

STARHILZ S5 R R PRI, 2853 S SO W VAT HLRIROT= A T LA AR
E LSTM 412 2 R IMTER TR, T/ ELBEREK 1 AHE S AVER AT, H 0 R 3R PR F
RFAEAERTE U P . 60k LSTM W2 EASIRIRHE, SRR SRR 2 %L

VR 0 1

¥ = L (ashioc,) o

Horp, y FoR E—IZIRER I, b RORTEA LB R EIRES, o RORFHEINEL fo, FmERT)
FERFMEINBGE R, EHSEEE R E T3 — P R B SRR T, (B0 T RAE R IL BE 198
590 AICE I PRI AL (7R RFE DAL

¢ = z; at,ihi (5

Hr, a, FoREBIINBUE . BENAZ @R GRNMEEIZRE. 26+ r MAASER I, a,
PARER p SEE B YEFERUE KT M, WAK(T).
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Figure 4. Function of attention layer
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Figure S. Result of action recognition
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5. SEhw
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Figure 6. Accuracy and loss curves of training and validation
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Figure 7. Comparison of attention layer
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= attention weight(%)
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Figure 8. Weight ratio of attention layer
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