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Multi-dimensional Feature Excitation Network for Video Action Recognition

LUO Huilan, YU Yawei and WANG Chanjuan

College of Information Engineering, Jiangxi University of Technology,Ganzhou,Jiangxi 341000, China
Abstract Due to the diversity of video content and the complexity of video background,how to effectively extract spatio-temporal
features is the main challenge of the video action recognition. In order to use deep networks to learn spatio-temporal features,re-
searchers usually use two-stream networks and 3D convolution networks. Two-stream networks use the optical flow as its input
to learn temporal features,but optical flow cannot express long-distance temporal relationships and the calculation of optical flow
requires a lot of memory and time. On the other hand.3D convolution networks increase the computational cost by an order of
magnitude compared with 2D convolution networks, which easily leads to over-fitting and slow convergence. To solve these prob-
lems,an attention-based multi-dimensional feature activation residual networks (MFARs) is proposed for video action recogni-
tion. A motion supplement excitation module is proposed to model temporal information and stimulate motion information. A
united information excitation module is proposed to use temporal features to stimulate channels and spatial information in order to
learn a better spatio-temporal features. Combing these two modules, MFARs is constructed for video action recognition. The pro-
posed method obtainsan accuracy of 96.5% and 73. 6% respectively on datasets UCF101 and HMDB51. Compared with the cur-
rent mainstream action recognition models,the proposed multi-dimensional feature excitation method can effectively express spa-
tial and temporal characteristics,and achieve a better balance of computation complexity and classification accuracy.

Keywords Action recognition, Deep learning,2D convolution network, Attention mechanism, Video feature representation
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o AR FH TSN 2 H 00 5 i B I SR AR % mis T 3k 47 R
FE BCE T=8. (RGP R W DT 24> 224 X224 19

W Y f
E“ l E '"

Original

ResNet50

g ! .
y e

g
' i
.

i
m
3

B, Uy i, A Jr R sl 0.9 W BEMLE
TR IR A I R B E R 0. 0005, ] 4R 2% 2T &
J90.001,4F 23 20 4> epoch ¥4 2% X R 45 W Z /i 9 1/10,
— 391 % 60 4~ epoch,

3.3 1TAIRB AT 53 47 (MFAR #E3RAT 446 55 47 )

T I IESR i MEFAR #5858 0% 4 208 U 25 HRAE L 7
TR grad-CAMPU S 4 #E 47 T A4k, Qi 4 s, 58
— AT F g AR, H 55— B AR 3 R HMDB51 s 4
R ran” 28 5 A Y T IR 55 =510 R 2R D 51 R R HM-
DB51 H i 4 i jump” 28 5 v i 5 i 4%, 17 268 B RO A N
B F T ST b i RS, s g Bk X S 28 5, )
FER 55 L FIES /B DN 3R 7 S5 40 A A0 7 3K A 2 ) 1 T i [
& 54T WoR MR ResNet50 1E B T8, convd_x 1Y
B — 2R BB RE AT 5 =47 BRI MFARA
W e — 2R BB A REAE A R Il 20 Ao R Bk
TE AR 43, W 0 43 U A 2R AN B I 48 S R R 4y . MR 4 7T
VL W A8 2 7 B0 4R 36 J2 52 40 L0, ResNet50 TG vk U
42 ) BAR 09 /B (5 B, S I L #5792 5 1 MFARs AJ
DIER GRS 3 i X, 3] MFAR 8 n] LL#S ) 19 2%
TN S B Bl I, el D RS RS I 2 o) B T L SRRk
1Y B 25 REAE

Kl 4 MFARs Fll ResNet50 B 4FAE n] #L 4L X} Lt
Fig. 4 Visualization of features extracted by MFARs and ResNet50

& 4 I# T ResNet50 5 MFARs W% 76 M 47 0 B A
A X5, B 5 Wi — 26 B T N5 N Z A B 32 B AT
ATE ResNet50 5 MFARs M4 R [EJZ 2 A9 FRE 4  1#
WE 5 frzs 58— B8R 2 HMDB51 8088 45 b i “hug” 2%
TR — TS HR . 5 5 B 5E B 43 5 SR T ResNet50

Original Layerl

ResNet50

MFARs

M 2% Fl MFARs P46 7E 4 2RI FRIE A 1, M
5 A LhF H, ResNet50 [ 46 il MFARs B 4% 72 ¥ 2 1 %) ) 1
AR # A HUR T MFARs 7E 35 P2 1 5 ResNet50 4% 4H
L B B o A b DG 1 B OC kB B X . B MFAR #5230 78
KR Z R R EAEH

Layer2 Layer3 Layerd

& 5 HMDB51 46 “hug” 2 i FRAE 44 7 /]

Fig. 5 Feature visualization of the “ hug ” class in HMDB51 datas

3.4 5WFEBHEHILLIR

F LI T AR SO kS A e Bk B 3 AF U 5 Tk AR
UCF101 1 HMDB51 $¢ #5 5 b #3553 e iy 2 % Ho 45 2R
A3 ) % % UCF101 A1 HMDB51 $ ¥ 4 1 4 5l 3k /5 7
96.5% 1 73. 6 % YR M MR R . LA R BA IR .

D5 W HE B B 2% TSNV | JE 45 30 h 5k 22 W 46090
STCA-Net" I Improved Two-stream™ J5 40 . A 3C )5 %
1 UCF101 Al HMDB51 &/ #E# ¥ A =2 7+, Mt F
STCA-Net, A& J ¥ 76 UCF101 il HMDB51 43 S48 T+ T
2.4% F 4. 1%, T HMDB51 ¥ 4% 4 X 3 1E 15 B 58 Jn
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UG R AR S 7 e AE HMDBS 1 B4 48+ 7 Bk fg 4 T
K. 5 FSTFNUY M W, 4 3¢ 3 43 5 #£ UCF101 #1 HM-
DB51 H#la4E L4 TH T 3. 8% M 7. 7% . 5 ik i B W 4% 7
% Improved Two-stream At AR L H LM S HE LG XK
P 1/3 H27E UCF101 $dla 4 L avEss BT 17 5. 25 %,
XA B AIE T A SCER B AT 5 B 2 I BB A A AKE B
RRAE » DA B BT T 1 G U 1 B I 8%

2) 5 3D £ A 13D, ECO™!, 3D-TDCH" A
MRTPM A L, A 305 36 MR8 F 3D-TDC 7& UCF101 |48 FF
T 2.68% ., HMDB51 L4 TF+ T 6. 77%; #% F ECO. 7£
UCF101 F4F T 1. 7% .4 HMDB51 E4F T 1. 2% ; M5
F MRTP, AKX )8 7E UCF101 F427FT 0.9%. 5 13D )5
AL 7E UCF101 E4EF T 0. 9%, {H & 7 HMDB51 |- #
WiZR & 13D M %%, 7EMALZE 5/ )5 I, 13D W VF iz B it
4 108GFLOPs,ECO 4 /% #1418 B £ 24 267GFLOPs, 3D-TDC
B 3% 18 B & ) 84GFLOPs, 1 4% X J7 % H A 34GFLOPs,
RUE WA SCT7 B R R 5 R0 U T BT I A

3) 5 RE R M 2D R 75 ik ok o A7 B4R 2l 1 IR0 19 77 vk
M F TSMES AT sTnett ), A 3 J5 ¥ 76 UCF101 B4
£ L B9 SRR A 2 B s s 2. 0% A 3. 0%, 7E HMDB51 I
Ei TSM ¥k 2. 9%, 5 STM™ J7 i % 1, A SC 5 ¥ 1E
UCF101 3044 BN B e = & 0. 3% . 78 HMDBS1 | 55
1. 4%, S EW /DT 11,08 X 10°, 5 TEAP fI TEI-
net™ P I AH H, AR AR SO VA #E UCFL01 #0445 1 1 37 31
TERA 2R A% (43 % 0. 4% F0 0. 2%) . {H 2 7E HMDB51 ¥
£ LAY HERT R I TEA 7 0. 3%, b TEInet & 1. 5% . HM-
DB51 $E 4 AH tb T UCF101 %4 4, shE T8 & 2%, sh fE iR )
BN A T3 25 B A $R I, A S0 e HMDB51 #0441
AR 75 26 BRAIE B T A SCHR H B0 O 2k BE % 2 ST S hn =F 5 (438
FRE . 5 Sep-3D RANMIFI S3D RANsHI A [, A< 3077 1
e UCF101 B 4 19 i 6 5 43 5l v th 4. 820 F1 3. 2%, 7E
HMDB51 ¥4 4 | o S3D RANs 7 iE 55 2. 4% ., 35 e 52 46 4%
TSI T A ST 0948 2h b 2 3R B (MSE) #1 I &
FRAF S AR B CUTE) 1973 8%t

# 1 SEgSEdtFEA UCF101 Ml HBDB51 L % H 45 5
Table 1 Comparison results with existing advanced methods on UCF101 and HBDB51

I 4y I G E FLOPs/G UCF101/% HMDB51/ %

Two-Stream6’ 2014 — — 88. 00 59. 40

TSN 2016 ImageNet 80. 00 91. 10 63.20

R & R JE 48 0 7k 2 T 45 03] 2019 ImageNet — 92. 04 69. 30
1 % Improved Two-streaml%7] 2021 — — 91.25 —

STCA-Net36) 2022 ImageNet 68.49 94. 1 69.50

FSTENL38] 2022 — — 92.70 65.90

13DRGB(12] 2017 ImageNet+ Kinetics 108. 00 95. 60 74. 80

3D % ECOL39] 2018 Kinetics 267.00 94. 80 72.40

] % 3D-TDCL40] 2021 Kinetics 84. 00 93.82 66. 83
MRTPL] 2022 Kinetics — 95. 60 —

TSML18] 2019 ImageNet+ Kinetics 33.00 94. 50 70.70
sTNet 42 2019 ImageNet+ Kinetics 53. 00 93. 50 —

STML20] 2019 ImageNet+ Kinetics 67.00 96. 20 72.20

2D % R A % TEAL22] 2020 ImageNet+ Kinetics 35. 00 96. 90 73.30

TEInet:21] 2020 ImageNet+ Kinetics 33.00 96. 70 72.10
Sep-3D RANL3] 2022 — — 91.70 —

S3D RANsH#) 2022 Kinetics 161.50 93. 30 71.20

Ours Kinetics * 34.00 96. 50 73.60

I : Kinetics * 78 HA #0445 M 78 Kineties - I 4k .

3.5 HELICEE

AN BT il S 5 4 9l AE B S UCF101-spiltl FI HM-
DB51-spiltl [ 43#7 T° MSE #3t \UIE #& 3t \MSE ##k 5 UIE
A 11 b A5 2Ot A R B G R T

1) MSE #8119 55 5 4347

F 2 RT3 RS By R 46 455 40 43 5 7 UCF101-spiltl
M HMDB5 1-spilt]l | 0 #E # %, 43 5l 2 : ResNet50; 7 Res-
Net50 JEfill EA I CMM ALHL, 3 & STM B 457 7 Res-
Net50 At 70 ME B8, 3k J& TEA 45 £ Res-
Net50 F1# 1 MSE #ik,

2 MSE #8ep 1 fE S

Table 2 Effect of MSE module
B L UCF101 HMDBS51
i S L R L
ResNet50 25.50X 106 81. 30 49. 39
ResNet50+CMM 25.70X106 82.10 54.18
ResNet50+ME 25.72X106 85. 35 54.35
ResNet50+ MSE 25.72X106 85. 96 55.01

M2 PR R LLE .7 UCF101-spiltl L, &
MSE # B i 5 ResNet50 #EREH# T T 4% . LRI ME #5
mh 0.61% ., LRI CMM £E8 5 T 4. 66 % ; 76 HMDB51-
spiltl b, #n MSE #% 3t i % ResNet50 $2 T+ 1 5% 89 i
BEL TR CMM BB g 0.83% , FL¥s il ME 5 7 0.66% .,
SEER 45 ALIEW] MSE 52 4 58 15 48 BT kS 4H 1942 3 R AE . A
T 2 20 R 250 31 o i %

2) UTE #8 Be (1 55 51 43

JT oy #r UIE B9 /8 A, % 3 #£ UCF101-spiltl Al
HMDB51-spiltl F AT 4 25+ 79398 51 i 5 %% . ResNet50
TE ResNet50 Hefili BN UIE Bt 7E ResNet50 fil MSE #
He LAl AT SE B 5 fE ResNet50 il MSE # B £l -
PR UIE 5k,

B3R 3 Mg R LUE W, 7E 3 UIE B35, Res-
Net50 7 UCF101-spilt] 1 HMDB51-spiltl I (4 15 5 #E 8 R
SrBVRTET 4.5%F 7. 38 % L iE B UIE BLHL AT LA 22 2] 5]
A2 Ry B 7S RRAE L AT AR AR AR KPR AR 4R 7. 5% SE #E
BTG B UTE #5550 v o R o 4R i 17 2. 4% 0
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3. 4100 XA UTE R 7E S5 5 2 A7 18 38 A0 25 [ 3 J6h # i
5 PR T N SE 3 B R AR B AR I 2 5 R R BRUR T 47,

#* 3 UIE B8P e 52 i
Table 3 Effect of UIE module

. e UCFI0l  HMDBS1

A BRE ummsv k%
ResNet50 25.50X 106 81. 30 49. 39
ResNet50+ UIE 29.50X106 85. 80 56.77
ResNet50+ MSE-+ UIE 29.72 X106 87.31 58.67
ResNet50+ MSE+SE 28.50X106 84.91 55.26

3)MSE 5 UIE $H i il & o5 =3 7l 19 52 i
F 4 KT MSE 5 UIE 85 (4 w5 R A 8] @il & X0
RIPERERY R, W13E 4 Fr%l, MSE 5 UIE & B gl & 454 78
UCF101-spiltl #1 HMDB51-spiltl | 9 3 91 #E #f % & Res-
Net50 43 5185 H 6. 01 %M1 9. 28% , 1M MSE 5 UIE 3 Bt &
SR (A 3C 7 82 7E UCF101-spiltl Al HMDB51-spiltl | &
PUIAER % 1L ResNet50 435 & 1 13,45 %6 F1 22. 31% . MSE
5 UIE #5eJ: 8% [t MSE 45 UTE # Be e J6 sk R o 4, X =2
R AR ) T AR L H IS B AR E A L
0 556 BE B8 4 b A b 78 308 10 B TR AE ) KA RE ST . RIS
Pk 2.3 3 Mk 4 M55, T LB i El A MSE 5 UIE #
BB AR L Bl A — A A B T G 3E B T A AR 4y ) A
2T ORI 25 SR A A TR ST T B AME T,
# 4 MSE #iH 5 ULE #8004 77 20 v A 1 5% 0
Table 4 Influence of the fusion mode of MSE module with UIE

module on performance

CBLAT . 95
VR UCF101 % # % HMDB51 % # %
ResNet50 81. 30 19. 39
B K 87.31 58.67
B3 94.75 71.70

BRIE  ACRE T T B IS 2 RIS AR
AES s M 2 MEFARs HI T 905047 5 R . MFARs [ 2%ty 2
R 43 B A MEAR B 0 B & T A8 R 3 25
{5 B MSE K8, Il 2 4k 1 5 ) 7 304 20 i 28 R iE L
B4 R I 25 A5 B UTE S8, 9> 88 i@ aof JF 186 14 7 CAH
57 8 AR T S AR L R 4 2 50 30 T i 4 TR R
2SR o 3 I 5 U S AR I 45 A 3D 4 B 4% 1) S 0 X LE
IEW] T MFARs BEWS A 2003 35 AUAR T 25 5 8., BR AR B T WU
RS RIS, A5 3D B M % —HAA %W
2 RRAE AR RE O L 3R AT T M AR SRR M, R — M B
R RiB SE B FRIK T2 2 TG I 28 FRAE L (AT R
AT 40K E DA B AF 23 S RE 1 — 20 4 THAT D IR 5 B 3R
HEH R

£ % X M
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