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Abstract

Human action recognition is a research hotspot of computer vision. In this paper, we introduce an
object detection model to typical two-stream network and propose an action recognition model
based on multilayer recurrent neural network. Our model uses three-dimensional pyramid di-
lated convolution network to process serial video images, and combines with Long Short-Term
Memory Network to provide a pyramid convolutional Long Short-Term Memory Network that can
analyze human actions in real-time. This paper uses five kinds of human actions from NTU RGB +
D action recognition datasets, such as brush hair, sit down, stand up, hand waving, falling down.
The experimental results show that our model has good accuracy and real-time in the aspect of
monitoring video processing due to using dilated convolution and obviously reduces parameters.
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1. ik

FENEFERATS T, AEWAEEADER: — 2 ME SR ER BRI Z bR ], 2
ZEE . RSO S E R BEAT I8

SRR T ET, HATBEORAT TG =485 1. BT AR SR A RRURE SR SR IR 77
%o

MBI K, BT NARZZES RN 7 V8 25 G W R R AN B 52, I I il 2 [A) AR 225 A8 4k 1 A
SEENAREIE AR 3K TR DL NS SR [ 1] 9566, PR LRI 70 B 4 op - AR S35 TR O HE
PERIAT SR . RN, AR S TR 25 SR B 4 s e BN VR R R A 1

DB+ N Z S VUM TTE, BERIL[2] [3] [4] [SHEF PN FEFUR 70 SR 2%, 5353 OB AT ]
BT B P HIAEE B . IASF A BRI ARSI ERFAE, IFRlG 2 M BT SR R0 . (H
I T80 L2 D) 248 I ¥k S R 1k BRGZE B A 4

YRR T IE S AR B 1) . = 4R [4] [6]7E —HEE A FEAE L XN 1 ST fE B
RIRRFE AT RE /75 XAk = AEE AT DUAE SR S0 PG R AR Y [R5 -t BER AT i ot R 2 1] R SR BRAS S
M — A 2 2 = 4 ARV RS M s UK 0 A — [ S

AL TN H BRI 2%, KiE T Rl 0 & S AR KR I 12 M 44 (Pyramid  Convolutional
Long-Short Term Memory, P-ConvLSTM). WAL MR b iz 3 i 570 & ok, M sl R = KR 12
W 5 1 — B AR I SR . SR T R WEE sh AR Z [ IR, R & -3 TR I vt SRR
BB AEANRIZERE S BIRFAEAS 2, S NARSIAERRAE, BEM Ak, S & AR SR AT IR0 70 2K .
HTRH T ZZ a2 M %, BRI AEAL 3 P A 2R s 5 R .

2. xIE

XL T 2014 4 Simonyan A1 Zisserman [2]#2H . Z AR AT I ML, Al T
({5 SN [AE B . 75 (85 B 2 P =l % o A G S R R N 3 WS EE R, T
T {5 JE D% 28 1) L AT S A S R A0 v o o () A8 A, 7= A= BRI 845 S

PIAN T3 S S8 AH AL, AR B RSB BOd AT (5 BB S .

T RIET T, 22 DS R A0 R R VR I 28 DRy 43 S 2% 1) = 245K, FRAEAS Bl E 1
AL EANTTVE BT R o SR T DKM 9802 VI 5 PR RS TB) 0 A, AE TGV S B SR AR BB PP 71 ) 5
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TATHA FHXCRE SR AN B A R — 7 i, FFE G S4B S 2 ZIEM 2 N 4, Sl 0] 1% 820
FPA U S A0 B, 3 B ARSHEIR A B

ARG L R SARI R G T LI 8, FRAME = 4E 6160 B i — 4B . =4ERR0L
LB RUONEAN AT Y R, 3R =4EE AT DURBCESEEB T 41, FF 5B 41 b A 0 R R R AR
15 B AT Ja AR A TS B o A =4E B0 RS KA — BB F 5, BRI S 2 2108
PR 2, IR SR B R .

FATTAT AL 1) 22 2108 2 4 22 ) 245 02 45 AR R 192 42 W 4% (Convolutional Long Short-Term Memory,
ConvLSTM), % /5% Xingjian Shi [7]%F A$2H. ConvLSTM & K4 Hic 12 M %%(Long Short-Term
Memory, LSTM)HJAETE, EAMNHH B & G RERAESRB AT E (5 5, JEHH LSTM 854K i
ARG SO 2R, B4R R I 7 #1 IR AE . PR, ConvLSTM ) V2 B H T3 1K
JiEH 8] [9].

3. @FEERKERICITME
(Pyramid Convolutional Long-Short Term Memory, P-ConvLSTM)

5 M (R BCRE I TAEANE, FRATRBURIE TSI T — AN FE T 42 25 (1) B AR R0 9 28 15 4 9
B ETE . B AR 28 o] DL AR EHE TRz 3h T 5t 5 A8 JG 54770 B, ik P-ConvLSTM MHVE R
HERIEIBB A L.

% H bR iR 5 4% B Hongmei Song 55 A[10]7T 2018 fEFEH, W28 i it T & IE S5 M3 sk B AR B
AR ZA A ConvLSTM AEH Ay H AR IR A W 2 2 4L 1 55 56 1) 725 (8] IR il g 0 FHi) [ 45 B R ICRE 7). RATTHE
Hongmei Song %5 N\ 1) TAE E#EAT 1 IS5, AL R2% Rl 5E 4 13 NN AR SRR AIESS, B RE B2
BEEAI R H A .

P-ConvLSTM HH RN EBERMEEL: ¥ kG4 7 BB (Dilated Convolution Pyramid Module, DCP)
4 7 35 4 AR K 5 B 1] 12 B8 B (Pyramid  Convolutional Long-Short Term Memory Module, Pyramid
ConvLSTM).

3.1. {kEREFIEERSR

FEGINET B FRRAIM 4, Hongmei Song 558 NS 22 AN 81 ) — 44 3K 6 B DR B TR B SR A6 R A1k 14
THOL TSR RIS, RIS 11 SRR AR IR R T W28 i 24

PATR: — 4 5K BROE N =4 KB, SRR 57 51 10 2 RIERAMIESRI. /£ DCP e,
BAVER T VA RSHAEIES KB 5008 24 44 8. 16 I =4EBHRL, BATTZ AR B IR LG 3 AL

M 5B SEIL 2 REERFAESRBUU R e 0 MU T HeRf i BURSE N 3#3 (BB, 49 5Ky
Ly, BRZAREIE N TG L 3*3 f9vEH, BT SRRIFIGR RGN 3%3; B KE N 2, BRI
FEERTEE BN, SRMAETTR AN 2, BRI REREY AN 5%5, EHAPIHTERERE
B ERBCEDT N 3%3. & 1 HIBGER TH KRG 8 s R AR RS UY1K B AT A R 2
FUZRHESR I, IXAEA IR B BRI SR AR A 2., SRR T SRR A

3.2. @FEERKEHICIZRR

5 Hongmei Song %5 A B Tl . P02 0 385 25 HE O BLATIE) (R ) 0T J L2 e g
(5 L TERER 1 T DL SRR P i — GO B R AT i 8, AT RO3EAT bRk
2 R T R A A A 1
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Figure 1. Dilated convolution. (a) When the dilated is 1, the 3*3 convolution kernel acts on the image, and the adjacent ele-
ments in the convolution kernel act on the image together; (b) When the dilated is 2, the distance between the adjacent ele-
ments of the 3*3 convolution kernel is pulled apart, and the area of convolution is expanded
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Figure 2. Bidirectional recurrent neural network

2. MEERHEWEREE

MFATE Pyramid ConvLSTM A, {5 AN 5K A F FIXUZ ConvLSTM W 2543 il X} 22 RS
TEAE BEAT IR 215 UG BRI, RIS R IR JZ 8 SUE BAIS BRI KRR O &R . w5, MW
A ConvLSTM HIFR MU RAE S BkAT il I T 5 J5 B s AR VU0 o T A8 FH 97 5K BEAS [F] ) ConvLSTM [ 2% 52
T AR FRSE A o 25 BRI R, SRR AR

3.3. BfRE

TERE ALY B, AT TR AT Wi Ab e, JRERBIU AR R G . 25, BEAE
BADETAE BB IEAT R %] P-ConvLSTM i, BEHLIZBGESEZ 10 MR .

P-ConvLSTM A MANEEMFHE 7332, H—AN XN AR ARG, 55— 03N
JelifE B EUE . BATSIHARE ResNet-50 [11EHIRR H A i) Z 4B SO =461, R BCN =46
T ResNet-50, A J5 A1 H PDC BEHLHET 2 RBERFESREL, [FIES# PDC S8R A F (1 — 4E 5 A5 0
NEHEER, SR 5 2 RBERHESRI . 2 )5, BATEZ REERHES ResNet-50 FIRHIEREAT G i
ANF 471 ConvLSTM [12]#EHe b, #£ 4 73 ConvLSTM BB, Rl 5 A AEMS BB 20 St ok
1R EREE R 2 PIANFATIRUZ ConvLSTM, 3T 2 RERFESREL . &5 il P2 . =,
softmax 13 %4> K\ & .

I H ResNet-50 Fll PDC B (1) 4 AR B oy = 4E8 81, A THI N 24 P-ConvLSTM A AT
DA HUCE S MRS, 38 mT LASREC B B N & 2 BUR I 2 M R IEHEE B . 74h, B4
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Figure 3. P-ConvLSTM
[& 3. P-ConvLSTM Z#R =R

4. SLIf

AR SCASFH B0 K R R LR 1 NTU RGB + D AARBI/E IR BB R 13]0 12500 e vh AL 75 2 il
RN E 8, B OIS . 3D AME B, WEEES. Wk 7 40 M HESIE. 194
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4.1. EEHERGE

TAMEH GTX 1060 A HFEANYI o FE AT NI, Z247F & 72 win 10. 4> P-ConvLSTM {# 4 Pytorch
REZLEAT RS o (EEIR AL PRI B, FRATANEE — 28R L 10% 10 B A IR AR, 63%1E NIZREE, 23%
TERIRIESE . WIZRET, FRAVE R A, AN RS 10 i WA E RS 38 0.001,
T4, SRR 0.1, EIZGFEF, FUIZE 100 K, ok RBEAIIRLE; ST
Shfa, BDHEAT — RIIF R H il S B HERf 22

TENGRid fE v, i WS KA FIHERA 2 R A DL, AT TEVIGRENBIE A5 LUs, Bt
RAEFIUER R AR B ARG SR AN TR UG, TREBTRE, MR EAR R,

Z G BATVH R -5 AR A7 AR R E IR, IF B SR A6 AIE 5 P 3, B I 2R b i o B 5 56
R R BT S s 2 ST BB WIIRME, IR TN, S5 53F R AR . I, FRATTHI T
PRI 25 D2 TA BIRKER -

4.2. STEER

TEMR B B, FA T8 S5 P-ConvLSTM K 5443 O34T T HERG Z R . fE 2 1 7, J8 7R T P-ConvLSTM
TR DL R AE AN 2R B e E . IS SR IRATRTDAUE H, W 1AE B4 S vERf B 2 & T = (5 B
SCHIMERF S, P-ConvLSTM FIHERGE & I E —14 3. R, P-ConvLSTM 7EEM. #FEFXMHAINME
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Table 1. P-ConvLSTM and its branch accuracy
# 1. P-ConvLSTM RE 7 EMHE

THERA P-ConvLSTM T IfE B3 IS [R5 B0 3
JERVN 76.10 61.48 71.46
ik 76.25 65.00 71.25
AR 65.56 42.22 60.00
&ar 77.17 46.74 72.83
#F 83.13 7831 77.11
7RE] 79.07 77.91 76.74

Ntk —3L 53t P-ConvLSTM HITERE, FATIHE T P-ConvLSTM HIRWEHEFE, H VR Hi X
P-ConvLSTM #EATRE— PR3 HT. B RIEHFE, FRATAT CLEDWHE 1 A B0 h S — A3, k(s
I IR 3 AN R 5 s, 3k ] DU HAR SN I EE G 2 D3 7 oiX — B33 1

FATUL AR X — B 1 A 8 0 R 3 PR AT U . R P-ConvLSTM A fi 17 Sl 3 43 F0 A 2k 31 o
P-ConvLSTM W ZREE AR f5 . RHaE— N B AT AL R IF 45 H PR AR RS o I I 2 B DY Py 5«
FLSTARZE BRI RS2t M K 8] i ECBH 1 (True Positive, TP); ELSERRZNERE. TIARZE AR AR
et FH P (False Negative, FN);  ECSEARZE N AERAR] . P AR S Ak 3] 1) FH P (False Positive, FP); LA .5
PR, TRIARZE A A AR AR () 9 P4 (True Negative, TN). HRHZX PURHEHL, X P-ConvLSTM [¥]
SRERIATR RS R TP S K] 4 hRPIRERE T, TR B s RE R e R . HIER
{8 AT 5 4R R 73 W] LAAS 21 22 43 2RIV AR FE .

TEZ 0 RIREH BT, FFEMFHOC RN MLk b AR B RS AT ISR 2K 7
B E SR AE LI E PR R — 1) b 12 B B 1 A4 TR 000 A 285 PRI I3 A R e SR 1228 1) B B P [ —
AT s TR RE B 1 HL A 38 40 1% R B FLR 1

Predict Result __rp
FP rate = FP+TN
TP
p’ N’ TP =
rate = Tp iy FN
TP
True False precision = TP+ FP
P Positive Negative +
Ground | | ERfE | B o
Truth -
" Fales True TP+FN
N Positive Negative
3 TP+TN
{RBAME ERRM accuracy = S i A S
TP+TN+ FP+FN

Figure 4. Confusion matrix and common performance metrics calculated from it [14]

4. JRIBFEE K AR KIE A M REFEHR[14)]

BT EPRARRIE RS, 23— & E &Y P-ConvLSTM MIRIEFEFF M N IR, HAEKE S(a)
TR oR . BT SR IE FE B A U R W] RE RO PIE B e, LA AR RO RE L R e, XK
P-ConvLSTM W] AN HERGILIX /34— 3. Horb, T X s fE Xt MLaBit iz i, fisk. Bk
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Figure 5. Confusion matrix and ROC curve
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Bl PR ARG . AR BHYER O GARR, RFRTER R AR bR ] ROC #iZk. FATAE ROC
A AT RERI L0, 1), IR ARV IEFERE A A FH R A B R 9 %, P-ConvLSTM REH4 T A £54fs 72
F5rK. 1M ROC HIZHEITJF (0, 005 (1, DRZIAIME L, WERRI I8 RER L /32K, fH ROC
HhZem, Brisd EHUEE ROC 42 B4 (0, 1) l, rlid@id kS fp rate = 1. 88 AR Al Bl X 38 1
FURRANEEAT 20 A, A Bl TR AR BRI 1 BkeF. 7] 5(b)"hE7x T P-ConvLSTM 1 ROC HhZk. Hy,
macro-averaging. micro-averaging 4373~ T HAR P FIIBEF 14 N P-ConvLSTM ) ROC Bk, FATAT
LA BRI ROC #h 2 i ARSI, (HPrH ROC HiIZe T HITHARAE 0.8 LA L.

BAEN G2, BREFCR T top-1. top-3 MIIEMIZE . HIENL)E, KIFTCkEEE ok R 15
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Figure 6. CMC curve
& 6. CMC fhzk

5. &R

P-ConvLSTM 7E# T Bk, HikSEalfERRINAMECAIENGEE . (BT, B shE LRI
ZHANE . I CMC HHZ T LAF i, P-ConvLSTM % ML M & rpr, AR MR AL T s hr, (EA7
FEHEIRTZ Ar  FATAI I BRI E R A AP A SR it )E, K& D7
RIS, NDshfEm R, SETEE4E /N —J& P-ConvLSTM R AEEWGELER) il IR, Bl
ML HE e R 5 BE I B A

5 A AE B A L, P-ConvLSTM AT DASHGESL MALA R . FATEO 2 WOAE AR R A
B, KBRS SR SRR, SRR AR SR AU, TR AR 3 AR . X T o
MU B B RS PR IR, BE T S BUALM H 2h 15 (19 3R %) . P-ConvLSTM i ] =4k U
ConvLSTM HZE&HIT7%, ATBL— IR 2 WUES: EE, ISR (5 B LU R 2 B R R,
DR RAE R, IR S TSR TR

HET, P-ConvLSTM RERZMATEG RSBV, ARERICERINES EIR . 2 ja i TeEd, il
K AE R FAL BB Bk AT ot R BRI 5 AMIEh E R 2, 2 AW i #E P-ConvLSTM [
MNEBIEZNEE . F4h, BB AR IR 2% KR BE 0k B R A BE A6 58 T A S A IR B,
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