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Multi-order Information Fusion Method for Human Action Recognition

ZHANG Bing-Bing? GE Shu-Yu! WANG Qi-Long? LI Pei-Hua'

Abstract
local spatial and temporal features from an input video, while making final predictions by averaging the softmax scores

The classical two-stream convolutional neural network (CNN) can capture the first-order statistics of the

of the local video features. However, the first-order statistics can not fully characterize the distribution of the spatial
and temporal features, while higher-order information inherent in local features is discarded at the test stage. To solve
the two problems above, this paper proposes a multi-order information fusion method for human action recognition. To
this end, we first introduce a novel two-stream CNN model for capturing second-order statistics of the local spatial and
temporal features, which, together with the original first-order statistics, forms the so-called multi-order information. We
perform individually second-order aggregation of these extracted local multi-order information to compute global video
representations. Finally, two strategies are proposed to fuse video representations for prediction. The experimental results
demonstrate that our proposed method significantly improves recognition accuracy over the original two-stream CNN
model, i.e., 8% and 2.1 % gains on the HMDB51 and UCF101, respectively. The performance of our method is further

improved by combining traditional IDT (improved dense trajectory) features.
Key words Human action recognition, two-stream convolutional neural network, multi-order information fusion, second-
order aggregation
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Fig.1 The flow chart of multi-order information fusion based on second-order aggregation
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ResNet-501°] — ¥ ik ] 87.00 55.80
iSQRT-COV-ResNet-50-2K N 1] 88.07 57.64
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HER 1 RIS, JOe i 25 [A) I X 28 340 A2 1sf [) 3t D)
%, Mg bERE T — B M 4. £ UCF101
b, B AS 1AL 2% b — B A3 R 9 ) 2% 1 e 4 T
2.99%, I A EF, /£ HMDB51 _Fiz$E A
0.75 %.

7£ UCF101 #1 HMDB51 |, % T—Fy i [a) i
v B T 370 IO 45 1) L 2, I ) % 4 531 B — I TR0
LT 1.07 % A1 1.84 %. HIHAUEIH T 51 A %S [B] FlEF
(AR B B e T S A Db B

3.3 ZMEERMAEAMMERITME

RPEES 2.1 A7k, R 2 FH T —Brf Bt
TSR o W 2 AT A B 8 RRORTRE B, R
2 FAE 1 AT — BB B fl A UCF101 Al
HMDB51 iR BIERf =R, fildy 7 25 2 AU M
Z8HH R, BPTHR 4% softmax it 4 B S B oh
AR, 1% 2 PR, 78 HMDB51 b, —Biit
TR 2% Rl A TR SR 61.20 . [ T —Bas [ Al
510 21 e A 11 v e B b e S SR
PASD, HoAt 5 FhZH A 8T T — M oBLI W 45 fil 5 1
PAMERR R, AR A — R . —
I 225 [ S R 9 s () 3 i, YA 23R L — B R Y
ZENETETE 4.94%. £ UCF101 |, —Ri A M 4%
A HERRE R 91.70 %, —Br 2Bl . B2 1a)
A s [B) 9L K — i 23 (R RT — i bsf [B] 35 K P b 2H ¢
T — B BT X 2% il & R S 25 8, Hofth 5 AR &
YT — B AU W 2% . TR 3 e 1 2H A R AE
HMDB51 _F EAA R A, H— Sl i 24 il 7
BET 1.26%. LiRSEEwIKE TR AR BT
gl Se P AN EISNIOPA S

3.4 BT
AN LI VR T B T R A

Z 5 BRI A 00T @G e R, LR, 7E
HMDB51 $idii & E 4l 7 xF i £2 5 Bl & A
HEEG WIS EL, RIS 35 5 SRt A 450 o
N. f)a, SRR d o 8K 2| 64K N
ARG BLF, 7E BN B b DA T RO [ A
W2 (5 Sl SR T2 .

1) 7£ UCF101 #1 HMDB51 FiFfili —HE &5
IR [ 22 £ 2 HEAT A [A) 2 A5 B R A o, 52
Wik#E N d = 8K, N = 25, [l 55 h oA
P ES. N 3 thnl DUE B £ B {5 S fl
475 UCF101 F1 HMDB51 |3 B s AH [a] it 90 £,
24— B2 ] B )5 B 2 ) AR i ()45
B, PERES RN St TEPANEE b L — BB I 4%
SRR T 3.50 % #13.91 %. DA EFRIAERT
T REOAEZ O E BG4 MG
B2 R EA KA EAME. FEPA LR AT 4
FhZBris B4 .

3 2 f15R 3 o[ AE H, ZHE S0 %
O EAE UCF101 % % FAgRCR A g i 2. H
FFEHZ: #£ UCF101 EiH 5 fE B g Bt A,
H state-of-the-art MEEEC. & #d T 93 %. HIL, ¥
UCF101 FARES> A @ 5, H— M geit 5 Sk
A DA SF HOXTAT Rtk AT 4328 HMDBS1 (47 R 25
BN IR, KB Z AR 2 5 3ok, 78 HMDB51 |,
T R IRRE ST IRAY I ST e (R AE 2
B A ) A REMERAHB XS 4T R 2 e T 20 2.

2) VEAG ARRAT 3 S R AR B V. SETik
EON B RA G 4 UK R d = 8K, il
£ R R 0 2 B iy . SEIR S R AN 5
s, 24 N M 3 B E 25 gyt 42k
Tiff 2 i o LB R 38 0 AT AN BB =, 24 N = 25 |, 43
RUEH IR B . 24 N 4RZE3ghnz 35 mikst, $
REA T N ArE A BB RN, 2 T2

# 2 UCF101 Al HMDB51 £k fi Bl & A st veAh

Table 2

Evaluation of the effectiveness of multi-order information fusion on UCF101 and HMDB51

—Bras i — i ZBrEsTE

I Hsf TR UCF101 (%) HMDB51 (%)

v v
v v
v
v
v v
v v
v v v
v v
v v v

91.70 61.20
92.90 65.17
v 91.34 61.63
v 92.67 63.50
v 92.50 65.18
v 92.96 66.14
91.78 60.60
v 91.12 58.71
v 92.75 64.74
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Table 3

UCF101 #l HMDB51 _EET - Hr SR AU R 22 B {5 B il & A

Evaluation of fusing different multi-order information of the video based on

second-order aggregation on UCF101 and HMDB51

—pranfE e — W Hs A R ZIras s R W H A R UCF101 (%) HMDB51 (%)
v 89.28 64.24
v v 87.57 59.56
v v 92.58 65.93
v v 92.07 64.10
v v v 92.68 68.02
v v v 92.60 67.45
v v v 88.64 61.44
v v v 92.55 64.88
v v v v 92.98 68.15
Jo %
68
69.0
65+
i fz 68.5

60 -

58 ¢

0 3 6 9 15 25 35
N

K5 HMDB51 XSS 5 RARMECH N B3
Fig.5 Evaluation of the number N of the frames

uniformly sampled from the video on HMDB51

HMDB51 #li £, 4 Bel BT 51 i) i ok 2 1e
100 % 200 itz &), %25 [EHALHL 25 WS, e TE]
TR 2 2R 250 Wiz s E ., BEig
B B 12 B AE AR DL, T 4k 38 IR AR i
AR TR B TUAR VAL RS . AR SCAR SR, A
RFEWEL N 2974 25.

3) VAR [ P Rl £ SR, 3 D R IR Rl
GRS BB RS RAE: N =25, &
ANFE R IRFIRAERE d R D0 T BEAT PRAG. L5045
RANE 6 (a) Frzw, #£ HMDB51 % b, #ikgy
B R 23 e o B R A B TR RE SR AR — B, X
4 FhRIBZ W BA —E WA A, i HA L AME,
(AT A AR SRS 1) 22 1 /DN, AE IR IR 4Rl 8 K
I, 73 e ae o B Bl HE SRR S Al A E B R 4
5 0.35 %0, T R FR4E LRI w, PRSI Ak RE
ZESRBHB . 2> AR B R A 0 SR REAT
Bl e 6 (b) frow, £ UCF101 i b, #E 8K
#) 64 K 2 fusdfEr, k2 Bl G R PERE H > 28 2>

& 6

Fig.6

—— R
—e— KLY

0 8K 16K 32K

d

(a) HMDBS51 $#i4E FAgPPil
(a) Evaluation on HMDB51 dataset

64 K

%

93.5

92.5 ’ "
R
o Jeissy

92.0

0 8K 16K 32K

d

(b) UCF101 ¥4 Fireh
(b) Evaluation on UCF101 dataset

64 K

HMDB51 1 UCF101 $dli 57 A Rl AT 4 Jy e ik 4
BE d TR X IB IR TR 4 SR A B Rl R ) PR A

Evaluation of representation level fusion strategy

and class score level fusion strategy under the different

dimension of the video representation on HMDB51 and

UCF101 dataset
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BEmEmERgI 1% A4, % Lk, 7
HMDB51 %c# E Ff1 UCF101 B8 FE L, 428884
B A RS BRI . e HMDB51
2 UCF101 $d i I, Bl (000 22 s 4k B g 8 o,
PEREZ W T, LR vE AR R B8 9 7 THI R 2R %
&, UFEEsEH d = 32K.
3.5 BREEEMAATE L5

LI FHLEE B 4L CPU 24 Intel Core i7-
4770K, 3.50 GHz, 32 GB P 1#, GPU 3} GTX1070.
AR Windows10 £4:, MATLAB 2017b
B R SER, i T MatConvNet T HA4. @l
A B R A 2 7E HMDBS1 i 8217 46
1 A AT ARG, A BEAE BT Bt 18] A (4R
Fr A AT s TR A 38 2 5 B R A B =
BikEE: N =25 d=32K.

— [ XL D 4% 1) i v A T 4 BORR I, 2
B LR IEAT IV, Rl B[R] D2 — B S R I P 4% A — iy
i 0D 37 19X 2% 3000 2K s R0 A0 00 A, — o st ) R — By 2
[6] 372 I £4% 359 SR JH A e 38y 5 (10-crop)!©). fin 4
T, — B AU I 25 il 533 0 S ek ] Ay 4 BEAR O
9.670s. B AL M £ il £ B, 5[] 3 D) % A B (1]
Tt I 2% () R SR A R 30 3, o UL I 4% i £
D st PR A B3 B ASE 10.459 s, — B AL B DL )
2 Fl - N s 1) Ay 7O Ao X80 22 AR 79 1 - [ o 2% T
RIS ] AT, B BRI 20.129 s, AR SCHEHE Y 2
Brfs B B R Al Gy E R U2 “I-crop”, M
PSR B B AL 5 25 W, B — T R Bl AL R
By 1 A crop, X T A5 [E] PN 45 44> crop AR/
h 224 x 224 x 3, TiAT B[R] 4% 1% crop R
IINH 224 % 224 % 20, X EEEE BT 5 ) G AE R — B Al

TR g R, SEBCILI R AR, X L8R S
FRAEUEAT B SR G A5 2 I 42 J el e & i 1l
s 4 PP A R RIS Rl A B A A FERX AR Ty X
N, AR EA B BB IR S 6.412's, $2 Y
Z W A5 B IR G T VA Rl ) b P B AT A
KA TR ALY, (EAS SO VAT SVM JIIZRA
I, 2 BT Y, X — B AR UM IR 1) A
Ay, B DARH B F— 0O M 28 Rl A B D 3, AR SO
(122 B A5 23R 7 YRAE R I AL BERE BEOLSA I 354
AR BIM I E AR, HA SO A SVM 2047
UIGRRIIRI, 2B RIEAT Y, X7 A B
TR ACHT. LA HMDBS1 55 1 A%l o R Bil, INZRAs
3570 B, M 1530 B, il I 7 2 o Kok
W AT R IS, SR A 28 o B ok, Ilgk SVM
Iy g AR I T 3T 300s Ze Ay

KA ORIA R AT TR] H R

Table 4  Test speed comparison of different
fusion methods
5 llpn Wi i) (s/H850)
— WA 2 Bl Ay ()] 10-crop 9.670
TR A 2% ik 10-crop 10.459
—WBr + ZBOBOR R R 10-crop 20.129
ZWEE N RE 1-crop 6.412

3.6 AXFHFESEMITRIRR ALK

N T BUEAR SO S, FFA SO IR S HoA
BT XA A 22 P 25 B AT R RSB D5 ¥R AT T
XFH, A ITIRI A AT RIIAZL 5 H. KD AR

F 5 TR TN E 0 SR (147 R RO TV U

Table 5 Comparison of different human action recognition arthogram based on two-stream convolutional network
Jrik 0 4% 44 UCF101 (%) HMDB51 (%)

Two-stream!®! VGG-M 88.0 59.4
Two-stream 3D #H8! + 3D 3fk!") VGG-16 92.5 66.4
Two-stream!®] ResNet-50 91.7 61.2
ST-ResNet*[®] ResNet-50 93.4 66.4
ST-multiplier network!®! ResNet-50 (%5]7]), ResNet-152 (I}a]) 94.2 68.9
Two-Stream fusion + IDTI! VGG-16 93.5 69.2
ST-ResNet + IDT!®! ResNet-50 94.6 70.3
ST-multiplier 4+ IDT! ResNet-50 (#5]i]), ResNet-152 (Ii}[i]) 94.9 72.2
RITTVE ResNet-50 93.8 69.2
AT + AN ResNet-50 94.1 70.7
R+ IDT ResNet-50 94.6 74.4
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FENSEERZ: N =25, d = 32K, 4 ik
5T RER B R 2 TR G
TR M AR ) i, i 5 IDT #als
AEP) BEAT R SR TR RE, ASO ikttt — Al A
T IDT BUlsfiE, S5 H 5 IDT PulRefiE i) B Ab
M. AR Peng 2251 AT H Y, FEAUA 4R
B IDT ##+4F (B HOG, HOF, MBH), J #4 /K]
i (Fisher vector, FV) JyEx; =fp IDT $R4EHEAT
S o BN gk SVM 432588, Xt IDT 4RAE 4T
AlATIE, A3 =R IDT $R4ER) FV gafs Xt i
SVM S8t BUSME, SRIG 540 4 Fisi s By
LR3Ik SVM S B INE R f5cJa i w43 4%

32 5 Al A, A5 EEAE UCF101 #il HMDB51
b AER R BAE T 93.8% il 69.2%, H 2L
two-stream ResNet-501 3425 2.1 % #1 8.0 %.
ST-multiplier’® 75 ¥: 4 UCF101 & () 1 #f % h
94.2 %, W& T A SO ¥, AHAZ ¥ i %) s TR
T 2502 X 2 IZ B0, PERE 58 ResNet-152 [
2. ARSUAUR ] ResNet-50 fF k56 A< 4244 5w DA
5 HIRF] JLFH [ A R %, HAE HMDB51 #4i
£ R WER R & T ST-mutiplier. 7 UCF101 %k
PidE b, ST-Pyramid [R50 HEH RN 93.8%, 5
ARSIy, 17 ST-pyramid ! 7 X 4 444 vp 7
FRAE)ZTH BT TS & FIE S 2R A, W
G AR e, £ HMDB51 $idli4E b, AR S ¥
e ST-pyramid & 2.7%. AL EFEMEE B KM
HMDB51 ¥4 Er R HA8 AR, fEfEfRaT
AR UCFL01 4 E RS 175 STt
SYE MR PERE. (8 2 (R 0RD B TA) e BB A )1 2 )
— [ R PR 245 AR ) ARy — I XSGR 19 248 ) i A A
B, AR R EREDE— 22T, £ HMDB51 %4
£ EA ) two-stream @l FHIEIRTE 9.5 %, 1E
UCF101 FiZ#27Fh 2.4 %. A7 IDT Hgk
FRAE B AME: R AT, Fld IDT Rk G RO HER R A
$Em, £ HMDB51 e SRR, tbEne
- ST-mutiplier 25 2.2 %.

4 i

AR SRR BT NUATAE AU 22 9 25 A7 AE 1 TASAS
AR THRT A2 HE BRI G ITR. A
Y TTRRAE T OL T XU M 2 AR A, AR
T AR AR B G5 R, 5 2R
BRI —r R ERER T Z0EE. BT 26
A BRI R A e I AR TR T R A
WA Rl LI, T R A A
AE, — BT AR TR AN B SO R 2 B {5 5 il
GHoARG I 4 MOUTE B &R Rk e S
Sl i BAMAE R R R R AA A K

HMDB51 %#ig4E L%+ e, 78 UCF101 |
WAk B T 5 Y Fi e i A AR R g, @l IDT 4
TEREHE— 25472 i TR B R .
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