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Modality Compensation Based Action Recognition

SONG Si-Jie, LIU Jia-Ying, LI Yang-Hao, GUO Zong-Ming
(Institute of Computer Science and Technology, Peking University, Beijing 100871, China)

Abstract: With the prevalence of depth cameras, video data of different modalities become more common. Multi-Modal data based
human action recognition attracts increasing attention. Different modal data describe human actions from distinct perspectives. How to
effectively utilize the complementary information of multi-modal data is a key topic in this area. In this study, we propose a modality
compensation based method for action recognition. With RGB/optical flow as source modal data and skeletons as auxiliary modal data, we
aim to compensate the feature learning from source modal data, through exploring the common spaces between source and auxiliary
modalities. The proposed model is based on deep convolutional neural network (CNN) and long short term memory (LSTM) network to
extract spatial and temporal features. With the help of residual learning, a modality adaptation block is proposed to align the distributions
of different modalities and achieve modality compensation. To deal with different alignment of source and auxiliary modal data, we
propose hierarchical modality adaptation schemes. The proposed model only requires auxiliary modal data in the training process, and is
able to improve the recognition performance only with source modal data in the testing phase, which expands the application scenarios of
the proposed model. The experiment results illustrate that proposed method outperforms other state-of-the-art approaches.
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Fig.1 The framework of modality compensation based action recognition
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subject, &I Fx CS). H1 T 1% £ HE 45 - RGB FLATAE W ) 3 3 2 K /Iy 1920x1080, 49 38 7 I 26 4 N, e A4 45 T 40431 4
P K/NRBE Sy 224%224, 3 BN R AE T 5 408 — /N5 o3 A 38 G AN 06 B2 1) P B 450 O AR SCHE SIE 56 v ¥ 5 ot
RGB MUATHE AT 48T 1 JcKs 3D ‘B 2 i 21 RGB AR AT i, vl 75 A\ 078 88 T v 15 408 A1 A B9 Bl (Ximin X
Yimin:Ymax), SR 5 35 B 24 BT WS B M [Xmin—250 Xmaxt 250, Yimin—50: Ymax+50] B X 15, LA B In A4 1) 43 3% 2 376 3 0 /5
(IR L 4R B U 37 8O0 S 7 e 37 Bt 1 3R BGS FE, 6 RGB AT 3D B R MR AE I IR B AT KON 5
()R SRRE LA, A SCAE S Pt 3D B R AT A — fh A BRI A DL S A S A P R BN AR

UCF-101 ¥ 450 & 13 000 MRUSIRE A R0 T 101 ANEhAFE KBS APTRE AR K21 35~10s, 15
100~300 i, ¢ 43 ¥ 2y 320x240. %45 5 K I 20 15 24 31 (1) 22 B MR RS 500 52 4% AR BBk R AR SR S
TR L6 A (0 30 5 32, 1 s SRV AE 3 Rl ZREEAAR AL K1) 23 05 12 F 100 °F 35 Mk 12 Bt 4 o 1) BT A8 — I 3R
SRAFEY 60 . H T UCF-101 $idf £ 12 44t 3D & 28403, s ol NTU RGB+D #3451 3D & B2 83 1 il
BB,

SIS V8 A 0T A B AS B0 A8 F 20 T 2R 0 A A e AZ s 2 N 45 00 3D B AR g i, o i K
T ICAZ A & 2 — ZIE IR Z AR 1 024 AN J0 6 T 5 A R AR SCSE a0 7E N B0 4 B 4 it
BN-Inception 444 IE4T 1%, 3K global-pool JZ i Hi 1 A 35 BUARRAE, S N 122 SR 0 K W0 17,4 22 1 4%,
AR SCR AL R RGN 2 1K A A2 A % B2 AL 1 024 AN ot Hoh — 216K 2 105k 2 55 8% b
2(@) 7 A R T A 2 T A BRI RE B BN 1 024,78 S2BR I R 4% 1 2ot A% rP T 4 B 3D B 22 1 K 4 30
TCAZ I 2% B S 08 [ 52 R ok, RN T A7 RGB ) 25 45k S i A0 T A BE 6 37 3 (O i 35 2 8% B T GPU 19
7P ,NTU RGB+D #diE 4 it & B i) K /N ¥y 256,UCF-101 $i ¥ 8 o 41k 5 30030 10 K/ 38 1924 50K
HI Adam SIEVOME N NI 2R A0 B, LA 3l T 8 25 5T R 1R 3] SR B E N 0.001. 0 4, R Ay 0.5 [

Dropout!*!3## 4 it 181 45

diﬁ? —| Lstm }{ Lst™ —~

(2) Res-LSTM (b) 2-LSTM
Fig.2 The structures of Res-LSTM and 2-LSTM, respectively. The input features are from CNN (omitted in the figure)
K2 Res-LSTM #l 2-LSTM £ 4 [, He v B A\ K 15 6 A 28 10 2% (& v A i)
32 XBESENMMBHM
A ICAE NTU RGB+D il UCF-101 ¥ 48 b 73 Jil %o bt 17 SCIRAS A 38 1 J7 v, DA B0 UE A 285 36 B2 4 R4 R i
R 1 IR AN [F) 3 5 AR SCH#AT T BAF SE 5.
o Res-LSTM: A F S AR A 38 o7 (1) E Atk 5032, an B 2(a) .
o D-Res-LSTM:AEZS 2 R [ R IR 25 38 82, B %o 3 FH 37 357 FHRE 5E 3 5.
o C-Res-LSTM: 5l J2 U ) SR R AR 25 1 N7, B 0] 45 72 1 52
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o S-Res-LSTM:FE AR JZ X B R RS AR 1S B, B 06 47 58 3 5.

o J-Res-LSTM:IBEABLAS 22 ¥k, 8 0l 2 VRORIRE 75 J2 TR 1) SR IR ABE 5 08 I, 1 0] 4K 78 47 5%

# 2 B7R T NTU RGB+D Fl UCF-101 ##E4£7E RGB FGi 37 BAN SC#% N I sl fE 1R 3 §8.NTU RGB+D
HHR SR HRAIL T — — S IO YIRS A AR Al A A B IR I AR SCAE AR AL DRI TS R IR 2R R ORRE A
T VR R e T 45 385 2, K 2 PR Ag 23 B ¥ B 9 100 0.001. 1. 5236 45 5L 3¢ Y, S TR 25 0 7 R A A3R TH B0 1 IR 5
[ #E i 2 .D-Res-LSTM  FlI C-Res-LSTM  [K] 56 Bt A58 25 3& B [ K B 5 9 M RS B4 17 A 0L 1Y) S 50 45
S-Res-LSTM 7F B 20 FrI A 81 44 Y RS2 0 il B ASE 25 25008 23 A % 55 R TE S AR IR I PR BB B SR T 2%~3% 1) i
HRIRTF KB A RS E M J-Res-LSTM 5 S-Res-LSTM [ 5256 AEARALL = B R N E T S-Res-LSTM & ¥
JE B K 2 A A0 I 7 4 P AT RE AR J2 IR IR 3G L 5 R RS 36 AR A B A 365 1 AR 0 2 ) AR AR S RO 2R ) )2 R I PR
2 4 TR U, I RS 2 R R0 2 ORI AR J2 IR I AR5 3 ¥ (J-Res-LSTM) 5 S-Res-LSTM A Eb 14 R
A

7£ UCF-101 HdE 4 1, RGB MU I3 4 A1 NTU RGB+D 1 3D ‘B 425 5%, & i, 7T 40 93 3% 5 F 1l 25 8k
Pz, 6 B 1, SR AR AS B K IR R IR AR5 3@ B, FFK Ag 028 10076 5 BB 1K 35 B A BE ZE 5005 B @ B
UCF-101 b RJIRAHER T R T 1%~2% 142 7t

Table 2 Performance on the NTU RGB+D and UCF-101 (split 1) datasets in accuracy (%), respectively

2 NTURGB+D F1 UCF-101(split 1) %48 5 1) s 36 Pk i (Y 52 %)

A NTU-CS NTU-CV UCF-101

SHBE RGB i RGB v RGB e

Res-LSTM 79.6 85.8 85.7 91.8 81.6 83.8
D-Res-LSTM 81.4 86.4 87.3 92.0 83.3 85.7
C-Res-LSTM 81.5 86.6 87.2 92.1 — —
S-Res-LSTM 82.0 87.6 89.1 93.3 — —
J-Res-LSTM 81.8 87.3 89.1 93.8 — —

33 BREFINEMM

AR FFR 2 7 W45 A 10T, LA SE B SR IBC A A5 38 o7, 22 B2 Y - 1 5 T 1) 35 5 (1) RS A 2504 Hh 1) BR AR AR 1iE
A DA I T R (2) Ml B AR A B ol I AR A I I o) B 1 A SRR AE T DLE I 55 B A O 3 B
R AR R EL R T Res-LSTM HIE 5@ LSTM £5 44 2-LSTM, & 2(b)Fi 7578 2-LSTM th & MEH 2
A Z A 1024 A& e, K Ik, Res-LSTM F1 2-LSTM F AH R M S50 &.

ASCAE NTU RGB+D F1 UCF-101 i 4 b 75 Jill%of 22 T DA b 7 P 4 1) RO RS 38 RLHEAT T S8, S50 45 SR A
Kl 3 Ffram T 2-LSTM, E 58 2 MG JZ [ % 1 )5 18 FIBES & L AR SCHE 2-LSTM [ - Al 45 #4_E, % NTU RGB+D
BHE VI T AR A Z VR R A3 B (S-2-LSTM), % UCF-101 Fdis 42 VP 1 #5785 2 R BB A5 3@ 8 (D-2-LSTM) .7
B R B & BB, 2-LSTM Al Res-LSTM A& 6 52 L AH UL 1) 30 £ 1500 100 ok 1k P8 R 17, 45 180 5 0 2 45 &
Ji,Res-LSTM £5 4 ot T 38 2 (WAL 34, 3R WA 5k 22 7 I 45 W 119) 55 % BB 8 5 501 R 4 B A I8 el VR A28 0908 i o
M TR IR, AR SC R M PR 26538 R 7 ¥k R RE BE S X 2-LSTM [ 5 Rt H R T 39— 2B U B T R 250 7 1) A Rk

AL 2-LSTM 3Ll 78 NTU RGB+D 38 4 LI IE T S5 AN 2 R IR, L3 3.5256 45 B B R 76K
ZHAEE T, & BRI EMAE 2-LSTM Rt IR 3Rt 3E— 2D U0 7 AR SO 1 B 115 3407k

Table 3 Performance on the NTU RGB+D dataset with 2-LSTM as backbone in accuracy (%), respectively
F 3 BBEEEREIRIE NTU RGB+D H4E 48 (1 S 46 M A8 (BL 0l 45 14 :2-LSTM, 1 1 %21 %)

U NTU-CS NTU-CV

8 RGB e RGB 6
2-LSTM 80.6 86.2 85.4 92.8
D-2-LSTM 80.6 86.5 85.6 91.2
C-2-LSTM 80.3 86.6 87.2 91.6
S-2-LSTM 80.6 86.8 87.4 92.5
J-2-LSTM 81.7 87.1 88.9 92.3
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Fig.3 Performance comparisons with the structures of Res-LSTM and 2-LSTM on the NTU (CV)
and UCF-101 (splitl) datasets, respectively

Kl 3 Res-LSTM I 2-LSTM £5#7E NTU RGB+D(CV) A UCF-101(split1) %4 45 b 1 11 i L4
3.4 S5MBEEXMILER

RARNE S JEIR T ARSI RIS AN 1 B TR 3 S35 1) do 24 45 SR DA B 5 LA AT S92 1 B A2 AR 3L
S e o — A WL % 53 S 8 R Eh 35 Rl 24 S R T 358 S () MR 3 4 A 15 5,

Table 4 Comparisons with state-of-the-arts on the NTU RGB+D dataset in accuracy (%)

k4 AEEETE NTU RGB+D H4E 8 1 B (4E 1 % %)

ENGECATS 3D ‘H4 RGB PRk 7) CS cv
Trust Gatel™! v 69.2 77.7
STA-LSTM™! v 73.4 81.2
VA-LSTMM! v 79.4 87.6
Ske-LSTM v 70.4 83.4
ST-GCN [ v 81.5 88.3
Deep STGC,*! v 74.9 86.3
P-CNNM2 v v 53.8 61.7
TSN v v 88.5 90.4

Chained MT!4 v v v 80.8 -
Res-LSTM v v 88.8 94.1
S-Res-LSTM v v 89.5 95.2
S-Res-LSTM+Ske-LSTM v v v 90.0 96.3
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Table 5 Comparisons with state-of-the-arts on the UCF-101 dataset in accuracy (%)
£ 5 AFEFIEE UCF-101 B4R 4 1 ¥ 1 68 (HEHH 2 %)

UGS T 2 (%)
LRCNP 82.9
c3p® 85.2
Two-Stream ConvNet!®! 88.0
Two-Stream+Fusion!® 92.5
TSN 94.0
Chained MT!4 91.3
NOASSOML*8! 92.1
T-C3D(Fast)!*"! 91.8
T-C3D(Kinetics)!*") 92.5
Res-LSTM 91.7
D-Res-LSTM 92.3

NTU RGB+D £ 4E 4 72 H T PRI ZE T 3D B 3504 M sl 1F U B3k 8 7 AN - Bl VL 3R 4 b
T ARRASEZTY R EINEREHES. R 4 19 Ske-LSTM JE/R T A 1 EKE L2 M N} 3D B 3535 1R
MEE R, IER RGB. JGiit 1 3D 4 3 AN IR AT IR, 15 5l S-Res-LSTM+Ske-LSTM (145 5.4
SO R O IR A A 0 R R % A VR A A SRR TR I 3D i AR (A0 A AE A R A RS B (M AT B N AR SCRIETE
NTU RGB+D ¥4 - 1 i 2520 e T H A B 5503 2L op AR S0l i 4T P-CNINF2LAT TSNPELA JT (A i 5
S0 R BB R B HERA 2R ST 1410 HR4E T NTU RGB+D #lE4E b CV 5 THISE R4 % 5 TR T
UCF-101 (4 & B A RISEAE 3 ikl 43 J7 20N 1 34 SE 46 14 B AR SCELVE D-Res-LSTM BUfG 7 5 3LE BiEAHIE
F 1 RE.

35 Hh5iTie

50T 4 R T HIEL T Res-LSTM,7E NTU RGB+D #ls 4 (CV) P HE i R 4% S-Res-LSTM # 7+
wZ M 5 KEEX T RGB HE K - i 2 M BNME K 2 52 30 4175 48 ¢, Wi 2 (clapping) . #4L (saluting)
S WAAE 3D BB T A SCHEE AT A A T RGB LA B B4 45 BB — 5 i, 5T R s s, —
BE SR 1 GIAS B A KB R, B A T B R 1R 0 (ki B2 i 2 AR A G RS G IR R I — B AR B ARIATE RS
5 R IR TEIX BN AE 1R B HE A 26, 40 5 - (writing).

AL 7347 7 S-Res-LSTM AH L T Res-LSTM 4 G818 4k () 5300, 75 B 5 W 3158 1 AR SC 7 VR M REAS I 1) 512
B 247 RGB E% 1114325 71,S-Res-LSTM ¥ B 5(a) TR iR AIN T Bt R A&7, E B R A LA E 13
fEH,3D B AL T RS 55 1) AN TG 1%, S8 3D B 2RI R AR g AR 2B 1 R 7 ] T (X
PEAN G, T 5200 T S-Res-LSTM 5 RGB #1432 §8. 55 — 77 T, 75 41 6 Y6 1) 43 25 1, S-Res-LSTM K & 5(b) it
TR RSB T T, B R T IX R EhEAE 3D B A2 T2 3 LR I, T O T A% 5 [ B AR B b
TMFEL 35 5h, B I, S-Res-LSTM 7EiX K5 {F_EAE7EIR1L.

THTHER (%) Tk (%)
50 6l 70 80 90 100 30 60 70 80 90 100

Clapping Picking up

Playing with phone Pointing sth. with finger
Saluting Nausea
Touching head Putting palms together

Taking off glasses Writing

B Res-LSTM B2 S-Res-LSTMITHE F B Res-LSTM B2 S-Res-LSTMJHLFH

(@) NTU RGB (b) NTU Jtiiss
Fig.4 Top 5 activity categories in the NTU RGB+D (CV) dataset for which the recognition performance is
improved the most by S-Res-LSTM, compared with Res-LSTM
Kl 4 AT Res-LSTM,NTU RGB+D(CV)$i#iE 4 H # S-Res-LSTM 271 & =111 5 2K E01E
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(@) % RGB fJiR 545 % :Res-LSTM:Jii | 4h 5 ,S-Res-LSTM: % _EAM 2 (IE R 2551 T 40 )

(b) ¥ HGUR AR 45 - Res-LSTM: i fi T, S-Res-LSTM: 4% F+ (IE B 283 5 i 1)

Fig.5 Failure cases for S-Res-LSTM, compared with Res-LSTM
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AR BT D 1 B Gt TR R 45 2 R S (L 2 (10)) 9 S AR SCAE T t-SNE SR AN [RI B2 2 U I i ()
i 3EAT AT RRAL, RO A K (Q0) P AN R dASSCRENLBRIEL 1 5 SRB01E i IR AN G BB ZS IS A, i 1] 6 IToss,
For AN [ FR S 590 FH € X 20 Y5O 25 R AIE b 7 TR 380 il BB S RS AR th = AR R0 B 28 1 RIS
RGB, % 2 IR et 45 R 7, 78 451 5% BR A b i PRS2 J2 IR B A0 2 R R 240 SR TR, AR 28 AR i B A8
AR 7 1 8 AR AR A5 B S 2 ol PR A S22 K I 240 SRS ) — K ) 9 5 R i B o A A i B L — B T L
P73 W 2 B, AR SCHR H B A8 3 I RE 9% AT 25 b 48 e PSR SRR AL P 453 7.
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Fig.6 Visualization of adapted features with different d in the loss function
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Fig.6 Visualization of adapted features with different d in the loss function (Continued)
6 FEHUR B PATHANR d 53R I RS RRE I TR (4E)
4 LERIE

ARSCHR T AR T ORIRASAS R (1 L A3 20 A1 R 31 B v 12 B v ) Y i B A A AR VA 2 0 1 O I A £
I8 B85 PO D0 35, X AR 85 i 8 L R R JFL o R o B 22 ) 2% 10 A0 28 7 A L B e 4 — RS 2 A B B
A5 2R A 2% 1] B Kbl A 6 4 45 SR AT 5 2 1K) R I S Y5 S R AR AT e ) FROA S IS R I L 8 8 T & T
XS5 RE BEAS [ ) I 2R H0 0, 76 70472 9 20 A2 B K SR T EL AN G 28 AR SR Y 17 20 J2 DR A 3 L 7 9. SR 30 ¥ 7 B
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