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Recurrent Region Attention and Video Frame Attention Based
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Abstract: In video frames,the complex environment background,lighting conditions and other visual information un-
related to action bring a lot of redundancy and noise to action spatial feature , which affects the accuracy of action recognition
to some extent. In view of this, this paper proposes a recurrent region attention cell to capture the visual information of the
region related to the action in spatial features. Based on the sequence nature of video, a recurrent region attention model
(RRA) is proposed. Secondly , this paper proposes a video frame attention model ( VFA) that can highlight the more impor-
tant frames in the video sequence of the whole action, so as to reduce the interference brought by the similar before and after
correlation between video sequences of different actions. Finally, this paper presents a network model which can perform
end-to-end training ; recurrent region attention and video frame attention based video action recognition network ( RFANet).
Experiments on two video action recognition benchmark UCF101 dataset and HMDBS51 dataset show that the RFANet pro-
posed in this paper can reliably identify the category of action in the video. Inspired by the two-stream structure , we construct
a two-modalities RFANet network. In the same training conditions, the two-modalities RFANet network achieved optimal
performance on both datasets.
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RN T3 20 RGB AR R0 45 v 1) 45 AR I 28400 4 A6 6 I
TS I 255 v 2 BRI 2% B ASULEL, 970 17 D U A 285 I
25N ZRIN I 20 1) 3R B 400 RO G 32 v 1Y)
B BTG ARIR E hy 256 , LSTM [ el 5 70 1) $i ik 132 ¥
256, f RIEABE A 250 4> epoch. 2y 1 sk S 75 I Zr ik
P PRI A J S BGE UG, A SCR I BEHLER Y LK
T AR N RUBE £ 3 S5 BOR HEAT B 8 5, I AE
6] LSTM J5 #4511 T — > Dropout JZ. RGB £ 7% RFANet
P51 dropout rate 5B A 0.5, i A RFANet f 2%
A% dropout rate 1% &4 0. 7.

ARk, A Sl T 2 GPU 47 K m.
UCF101 B¥E4E 7F RGB iz RFANet [ 25 %) 3l 25 B[]
9 50 /NI ZE A, TR G TS S RFANet 1 25 119 Il 5 ) (7]
h 90 /NI AR A
3.3 [EgEiTfh
3.3.1 RFANet W& BEIE(H

FEANTT Y B IRUE T AR SCHE 1R 2 X 00
ARSI G VB 7E 45 i X2 ) BE B i A Rk, Ak
JE BrE T S RFANet %45 13U P e

0K BN Inceptionil] 1 ImageNet“S: IR L)
FNWBIIBE TR B] T UCFI01 B4 4E b i T AL
B A B 2519 J5 A 7R UCF101 #4546 19 RGB
B TS50, DS 0 A SCH H B PR X S OC T
ARG T 25 R I VR BB R B S T SEIR 5 R B 45 7E
e 1 v YUK BE S 4% RO AR UCF101 s 4R i =Nl
G/ M split b i~ 2 TR 2, 100 28 A5 B AR 415 03011 255K
PEERHEAT 43 2. b B 5 = AT 0 ) R AR S Sl A A
ConvNet + BDLSTM LA J A< SCHE H (9796 36 X A8l O 1 119
P2 4575 ConvNet + RRA + BDLSTM FIIA T A SC 42
P4 TP 2 S 1) B 28 R 45 A7 REANet. {34 [X 382 7 A
AT R 28 YUK BE R RS T 2. 4% IR OCTE Y
PSSR GIPRE BEAR TE 3. 5% 383 Heis = MBI AR 5]
K BET LRI, AR SR HE AR A DX O AR A T G 7
MR PUIPERETT R 1 24Tt

£ 1 SFAEE UCFL01 $iEE PR T ARSI E

Method ( RGB) Pretrain Resolution Backbone Acc
Spatial Stream ResNet "] ImageNet 224 x224 ResNet-50 82.3%
RGB-I3D[%! ImageNet 224 x 224 Inception V1 84.5%
TSN!2) ImageNet 224 x224 BN Inception 85.7%
Multimodal Fusion Network!'®’ ImageNet 224 x 224 ResNet-152 86.2%
ConvNet + BDLSTM ImageNet 224 x 224 BN Inception 86. 1%
ConvNet + RRA + BDLSTM ImageNet 224 x224 BN Inception 88.5%
RFANet ImageNet 224 x224 BN Inception 89. 6%
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DR T L U M S A SO B 1 0 B X0 T
X 19 2% RU P R F) A E , AR SOG4 B DX I8 O 1 119 O
RORPEAT T Al ik, rTARAE 38T B AN AT 8 B . Al L
T 78 UL B A SCHR A 47 B0 DX 085G 1 9 5% 3 B I
EEAR AL ST AR =S 18] DX, T > T 5 AT
IG5 S R B T, BT T R 4% 9 TR

(/
- SR

W SR o O O o G OE O

ﬂ‘ * g g\ % U O Tl el T el

o

SN s BRI BB B B B 1

- - e - SR Y

P8 EER X IR AR ST ROCR Y ] DA AR g 4]

SRJGASSCOL LA T3 1 P ImageNet Zdfa 4 B0
2 TSN (RGB)-BN Inceptionm Multimodal Fusion Net-
work ( RGB ) -ResNet152"*" #l RFANet ( RGB)-BN Incep-
tion BYMERE , 31E B A< L) RFANet( RGB) 7 UCF101 %%

(0.2,0.8,95.1%)

UCF101 split]
(0.4,0.6,94.6%)

(05,0.5,93.4%)
(0.1,0.9,92.4%)

Accuracy/%
Accuracy /%

(03,07,75.3%)

12,0.8,74.6%
(0.2,0.8,74.5%) (0.4,0.6,74.8%) (02,08 746%)

HMDB 51 split 1

<

Accuracy/%
Accuracy/ %
S

<

(03,07,75.1%)

(0.4,0.6,74.5%)

YE4E F R T TSN(RGB) 3.9% , ft T Multimodal
Fusion Network( RGB) 3.4% . ix ff 5188 /M REFE BT, 78
ER 2% ) J5 AU fH ] RGB B 25 iy A, A< S 1
RFANet 2% 2] 2] 1905 25 ZE 78 b TSN 1 Multimodal Fusion
Network 575 %%. RFANet [ 2% 7E ImageNet 45U & £E 1) Tl
YR s N R R EPERE.
3.3.2 M4RZ RFANet 028 M RETF MG

TEA /N, A5 SCAE UCF101 i 42 F1 HMDBS 1 4¢
P4k FIRUET REANet [ 2% it SRS A il 5 M RE. AS SOk
FAREZRRR G 197 6 RGB BEZS RFANet [9 24 1\ jii 45
A5 RFANet [ 2% (1) 4005 9 35000 45 SR AT Rl AR SO o
X E R A B R AR BEAT T RESE, UCF101 %040 45 il
HMDBS1 ¥4 4219 3 4 split XF T A 7] fil & A T 1) XA
SRbA 2R =P L 910 R, Bl RoR
RGB A5 RFANet [ 45 (9 905 4 BN 45 SR ¥, 10l 45
U, 24 A R 0.3 B, XUBEZS RFANet (4578 UCF101 %
PEEE A HMDBS 1 4846119 3 A split B3R5 1 i
PUIPERE. PR, A SCEA RS T A =0.3 Rl G ALE
Xof PR AL () A0 2 T 45 SR A 7 Rl

(0.3,0.7,95.5%)

UCFI01 split2 (0.2,0.8,94.9%) UCFI01 split3

(0.5,0.5,93.5%)

(0.1,0.9,91.7%)

(0.6,0.4,92.8%)
0.7,03,92.6%)

Accuracy/ %

(0.4,0.6,75.1%)

HMDB 51 split 2

=
3

HMDB 51 split 3

(0.1,09.71.2%)

(0.6,0.4,71.2%)

Accuracy/%

R |

10 HMDBS IER 4 5 T [l il A ASCE O DU il 20 2R = 4R 2 A

5, A0S HIAE UCF101 £ 4 48 F1 HMDBS1 %545
£ b AR SCHR 9 REANet [ 2% i SURE 25 fil 4 M B 5
2R SOTA Jyik I PEREHEAT T Ho 4. &5 R an sk 2 Fon.
1£ UCF101 ¥4 45 I, A8 SCHE H 1) RFANet 2% () 32 81
P F TSN™'1. 7% , 4 F Multimodal Fusion Network '’ F1
ResNet + TSN 0.9% , {)t T TVNets + IDT"" 0. 3% , 4%

it HHif SOTA J7 ik 6E s 76 HMDBS1 $cdla 4 F iy Bl
HiF TSN 6.8% , { F ResNet + TSN'7' 3.5%  {f F
TVNets + IDT''™ 2.7% , {ft F Pillar Networks ++
1.7% . 33X F WA SCHE %) RFANet HAT R 47 (1932 1k
AE.
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F 2 RFANet 5 SOTA ik IR A 1B L5
Method UCF101 HMDB51
DT + MVSV %] 83.5% 55.9%
iDT + HSV 2] 87.9% 61.1%
Videol.STM2!] 89.2% -
c3pt? 85.2% 51.6%
Two Stream + LSTM!'*] 88. 6% -
ConvNet + LSTM!®] 82.3% -
TDD + FV(22! 90. 3% 63.2%
HAND! 92.7% 64.3%
JSTAL] 93.7% 65.3%
TSN (2 modalities) (2! 94. 0% 68.5%
Multimodal Fusion Network!'®! 94. 8% -
ResNet + TSN!'7] 94. 8% 71.8%
TVNets + IDT!®] 95.4% 72.6%
Pillar Networks + + [ - 73. 6%
RFANet (2 modalities ) 95.7% 75.3%

4 #Fit

AR SCHRE H A AR X 3 5 7 RT3 X 4% 3R
FIEREH R T R E T AR BUEIAS RFANet [ 45 (1)
PO MEREAE WIS SR 4R LR B T 37 i 42 ROK T,
B2l T A SCAY RFANet [ 28 2 it 51 05 4 9 28, 76 AR
ARl AR SC HAT T T A SR A A R T 2L 7R X R
flA 7R A B B BT B BE U [R) 24 A A Y R
fIE, To2E I AN RIS R 938 L. A2 JG 8210 TAE ik
W 2 e AR B A TR 407 B A i AN [ B4 O st A7 o 4
AT AR Al DAk 1 O v A R v

S ik
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