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Action recognition based on deep convolution neural

network and depth sequences

LIU Zhi*, FENG Xin*, ZHANG Jie"

(a. College of Computer Science and Engineering, Chongqging University of Technology; b. College of
Electronic Information and Automation, Chongqing University of Technology , Chongqing 400054, P.R.China)

Abstract: Traditional methods for action recognition include several isolated processes and depend on well-
designed features, which makes them has the shotcomings of large time cost and difficult to optimize the
parameters from the whole. In this paper, we use depth sequences to study deep learning-based action
recognition and construct a 3D-based deep convolution neural network to automatically learn spatio-
temporal features from raw depth sequences. A Softmax classifier is used on the learned features to take
action recognition. Experimental results demonstrate that our method can learn feature representation
automatically from depth sequences. The proposed method performs comparable results to the state-of-the-
art methods on the MSR-Action3D dataset and achieves good performance in comparison to baseline

methods on the UTKinect-Action3D dataset. And the proposed method is simpler in feature extracting and
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action recognition consist of a closed loop system which can learn features automatically. We further
investigate the generalization of the trained model by transferring the learned features from one dataset
(MSR-Action3D) to another dataset (UTKinect-Action3D) without retraining and obtain very promising
classification accuracy.

Keywords: deep learning; human action recognition; deep convolution neural network; depth sequence; 3-

dimension convolution;
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R AR 2R ANALEE 135 AR SE M IRAT S UL 4G 3 S 20 3R - RRAE S I AR s AR 2 26 . ok
MR T 5 B BN TARAE . WA 25 248k 55 (STIP, space time interest points)t, #314% (BOVW, bag
of visual words)™*, Jy 1 # ) H 7 B (HOG, histograms of oriented gradient) ™, F1iz 3 7 51 &l 4% (MHI,
motion history image) "™ &F & & A 75 H 4 i T B0 0 — 28 N TAFAE . VR L fff T — 2020 e Fn 3 8 A5 4 R 42
A A AE A 3 M L DX 0 8 3R R AE L A B i S8 e (FTT ., fourier temporal transformation)™*
K BERFEDGE, G 28R R AE HEAT 4 2, I SVML Adaboost 4§, 5k FARRAE £
H AT g L3 5 o B T AR 0T B R FOOR . Yang S80S S A TR BE UL LY 31 3 A I S AR 1 S il
328 ot R AR AW 51 1 42 AT ks B 8 T TR IS B 8 (DMM, depth motion maps) 74k , S8 J5 il 4l DMM
TR HOG FRAEAE R BT R B3R . A5 FIPLSE ) 4S80 (1 VAR, Li S0V 3R M T 3 4 1 4% (bag of
3D points) A iR — 7 51 Y 1 3 42 3 ik B IR T UM A R A MRAT N 94T Rl . Roshtkhari 45
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REAE AR GF YNSRI BE AN 22 M 2% . DA I TR B 2 ) M il 8 T 24 S — IR A 3] 1 WIF 98 3 A A0 3z I D T I8 40
2 BT R D AR TR A e, TS A 3 4R B2 W 4% (CNN, convolution neural network)
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LU U] 4 P P8 ARAE 43 M SFA slow feature analysis) i R UET4FIE 4R B, ISA 5 16 2% ) 25 ) AN AR PE R 1E
1 SEA B[] F S B0 AR A 51 v (0 Bt RS A e 12 i R . D 881 0] 3 531 DA AT I A 32 482 i =2 i) 1) o
R AR IR A [A) R [)RRAE S SR 5 (T 2 AN B IO 2 R AT e )2 R AE I B B0 T AR AT R 1R 5. Tran S50
LI RGB #0586 52 AT T 3 e AR IRAT O v R AIE  IRUAS T B0BF I RCR . B B IR E 4~ 1Y)
11 R IRE T A A e ATy 2] H 38 BB T8 VTR ALE R 5 465 i JBCAY R i 107 T 3 T8 B8 ol 22 o 2%, %8 32
25 ) 245 T 22 1) RS B REAE B AR (0 VR T AR o BT T N TARAE B vk . BRULZ AN S HT AT S U B 5
AT RGB AU A W3 F IR . M F RGB WA, VR BE WA A & T 0 AR i R A 18 0
JUART 25 K 455 2, PR & % D6 2 A9 28 AR BIURRE I ELAE IRAT 43 1) A 0 AN 47 S 531 5 40 56 4T 55 b L RGB
PR ELAT B4 DX M o 5 TR AT A D A s DA B A0l F 9 % 5 o 8 Y 3 4 4 AP S T8 o 2 ) 2%



%114 KK T IR B RAYE P 8 e R AR 69 AARAT AR A 101
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Fig.1 The deep neural network model based on 3-dimensional convolution
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2.1 XLIGEERTAE

fdi F§ UTKinect-Action3D'* Fl MSR-Action3D™" 2 A4~ JF 508 46 ke PEAN B 42 8 O i o B AT 340 2 1 T
FEAZ ML (Kinect) 148 (19 AR AT I 98 B4l . UTKinect-Action3D t it Ay 10 N7 Ry, 43 51l & Walk, Sit
down, Stand up,Pick up,Carry, Throw,Push,Pull, Wave hands #il Clap hands, 3£ 10 #%i . 48R40
BT H 2 Wl T4 10 DRR Carry 17 0 B9S2 YA I g S Jo A, R B 3R 199 A &0
B, R T IFEITEEHT A 200 MRS, MSR-Action3D BURE P AH 20 M1 R B 10 MRS
Ho B AR T8 TR 2~3 W, AR A B 4 4 S Rl E BT R i SRR B N, 20 MT A 3
MTRHFE S HE ASTLAS2 FI AS3CINZR 1 i) BT FETPAE 8 MARMAT A . B A
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W5 43 S A Al g — i, 5 1 RO ELAREAE A A RAT Ry i 00 FAE S IO A T AR R 30 SAE AR A A R ) 0 R
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J5 o BT RS HE AT KT B T8 R 0 R AR DT A B R B A U R A A, AL /S, UTKinect-
Action3D il MSR-Action3D 47 R 040 A /N4> 5l h 28 X 32X 32 1 38 X 32X 32, Ho v WA Jij £ J5 4 vk g W0 47
w1 TS T T R R . S R A I 5 SRR 4 R L Torch 570 HE AT 4 5 B0 104G FEES 45 00 4
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#£ 1 MSR-Action3D ##E & h AI1TH F & AS1,AS2 1 AS3
Table 1 The action subset AS1,AS2 and AS3 in MSR-Action3D dataset

AS1 AS2 AS3
Horizontal arm wave High arm wave High throw
Hammer Hand catch Forward kick
Forward punch Draw x Side kick
High throw Draw tick Jogging
Hand clap Draw circle Tennis swing
Bend Two hand wave Tennis serve
Tennis serve Forward kick Golf swing
Pickup & throw Side boxing Pickup & throw

DRBEAT L

L RHEIH

B2 BEMLEGESRE
Fig.2 The steps of data preprocessing

2.2 MSR-Action3D #[#E & L #9123 14 A8

T SEE MSR-Action3D $t#i 4 b3k 1 58 7 1 B9 A 00 - 4% BROCHR 10 ] i) S5 50 152 L B9 5 1 T IZ 8K
T 46 1 L 3 H ST ROl SE AR S TN TAFIESR B LA BB AT TR, R 2 W T IRTE 34
ANFAT R ERAT AR ER B . NN SR AT DLE M 3 T 3 445 FRIR BE pl 28 0 2% 1 AR AT R
BLREA RO N ARAT AT R & AT S AR Y0 E A E RN T 1 A R Y SO0 Tz e R R ME I H E SR
HF RN 3 4 ia] S8 485 B 52 AT g 00 v 1 4R AIE o 3 FR AR RE 4R OB At b oA SRR Y 3 4R TR 4% B H
28 W% A5l AR s ()R B AR R T T 3 4 A FRUR B i 8 I 4% 1 AR AT o TR 5 TR R AR 3 4k R
BRAE A RUA PR RE T 28 VR ZSRRAE , DI AR A T S AF g PERE . 36 3 44t TR 7 1L S S H U ROCR B AT Y
T3k SCHRES JHEAT 1 e i S 3 R F SCHRRLS b g 7 i B . A5 SRR WIDF SR £ 1 1 Jr i e 55 SR8 1rh
PR — By IR RE L 78 2 UL B T AR O VR A A .

®2 WRS5S MSR-Action3D HEEEEMRTE MK
Table 2 Comparison with the benchmark project in MSR-Action3D dataset %

Jik AS1 AS2 AS3 -y

SCHk[10] 72.9 71.9 79.2 74.7

WIS 84.72 78.95 88.16 83.94
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*3 WMHREXE[8],xHk[10]7% AS3 LAYIRAIMERE L%

Table 3 Performance evaluation compared with [8]and [10] %

RiRiS U I 1 %
SCHRC10] 79.20
W58 J7 ¥ 88.16

Actionlet SCHK[8] 88.20

2.3 UTKinect-Action3D #¥#E & F /Y17 5 14+ 86

£ UTKinect-Action3D $4is 4 . BF 5% J7 v 5 BB 4 B9 SEvEOF 98 00 H R A7 1 He e . Sck[13 04
Leave-One-Out 52 X 5 UE J5 ¥ (LOO-CV) .,y S 56 1y J5 i, #F 58 ff 1] Leave-One Subject-Out 58 X 5 1iE
(LOSO-CV) , BV U K — A48l BT A 47 S DA A 00 32X i JH Al s 3 v 580 7 S DI 4 T o 4>
PR YN — A TR A 2 I 5 AR, B SR S 38 % U L SCHR L1300 W 20, 3% 4 45 1 T IR 9% 7 T8 76 K )
W RAT RPN HERR EE . AAFR 4 T LUE L 25 T T R BRUNME B 227 2 82 00, FEAS R 1E ) TR 45 R 43
R AT AR 5.6,7,10 1 BP0 E B SR AE X AL, T REJ& B Ol UTKinect-Action3D &4~ 2 4L f1 £ 48
B XU AR AESEAT ZIAVEAT 058 Ik 40 AR 19 A 22 2o P 80, SR T L BIF 90 U7 ik 55 SCR[13190..92 06 g iR 531 %
WA — 220 M 22008 8 AN 43 A T RE I B O 78 43 A A T I B AR b i AR R OO R B R R R A
#(HMM, hidden markov model) #3715 4245 J& i Bf 2 AAL 0, il g R AT N HUIHE SR ) F 5 2% R ek RE
ZHAE B EL HOJ3D FRAE SR L, RAE LDA #6532 .47 Jy i) R A HMM BRI 2555 224> 815 1 5% 00 1 HL
SCHRL23,27 46 AR ICH JR 2 A 5 2% (0 2 A2, T 35 I I B S5 8 A% o A P T ke R B A A AT B I 0 . TR
I B9 9 75 12 S 9 A% 1 L SCHR L 13 T80 Al 220 17 L 52 3 50 30 AR 0 A8/ S A5 TR0 1 )11 2 S 3k e 4l 2 3 O il sk
BRI R . KAt A X T SRR (13 )45 TARAE SR U 3k 3% TR B 2% > 0 7 ik B i i iz Ao b
BT ELB T R R B A A N AR A B IR, S T R ey A 4 7 1 o b 3, ROV T e R o 4 Y 4%
B EATRAAE (1 B 2h 32 BOF 58 BRI 43 28 1 B 7k (T B Lo R s b

£ 4 UTKinect-Action3D I & iX 1T H IR EHZR(F15:82%)

Table 4 The action recognition accuracy of each subject in UTKinect-Action3D dataset

Bk Hiixk 1 Hixk 2 ik 3 Bk 4 #iak 5
W/ % 90 85 90 85 75

Bk Biix 6 Heixk 7 Bt 8 Biixk 9 Bk 10
WHIF/ % 70 75 90 90 70

24 RESVRMEMERZUERE

A RE 22 2 N TRe Ak S BCAY AT D9 PR30 5 i — R s i3T5 356 B S UK AL R A B30 1 % 4 78 58 A%
Pa e b AR B R A IR AR ] BEAE D5 — KR B B PR AR & TR T . BB 28R B Y F S R L TR A 2
2 HAT RAFAIZAEPERE . Oquab 2556 JH K 4 I 2R 0B L 4R 5 (6 1T H A5 s 46 b I 2 8080 10 A7 B8 2 4
TR BRI F ol 2 10 245 A5 R RE A AR B 4 b R A R 9 4 2R MR . A Sl i R B S 3 ik T
BT = YRS BUR BE M 22 M 2% Bz AL PR BB FF MSR-Action3D Kuii 5 b Il 2l (9 TR JEE 4 22 ) 45 B2 000, A 223 1
. HHE AT UTKinect-Action3D Hufii 4 B A7 23 U0 LU VE BRI AR 38 1 T 73 20 ity 01 e f 2 L 52
O3 W] T TR B 8 I 45 A A O RO ST RS AR L D A0 R AR B 4R 1 3 SRR TR
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