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Double-Stream Convolutional Networks with Sequential Optical Flow
Image for Action Recognition

Li Qinghui, Li Aihua, Wang Tao, Cui Zhigao
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Abstract In order to effectively utilize the long-term temporal information of video for improving the accuracy of
action recognition, a new recognition approach is proposed based on the sequential optical flow image and double-
stream convolutional neural networks. Firstly, the Rank support vector machine (SVM) algorithm is used to
compress the continuous optical flow frames into a single sequential optical flow image to realize the modeling of the
long-term temporal structure of video. Secondly, we design a double-stream convolutional networks containing
appearance and short-term motion stream and long-term motion stream. It takes the stacked RGB frames and the
sequential optical flow images as input to extract the appearance and short-time motion information and the long-
time motion information of the video. Finally, the linear SVM is adopted to integrate C3D descriptor and VGG
descriptor for action recognition. The experimental results on HMDB51 and UCF101 datasets show that the
proposed approach improves the action recognition accuracy effectively by using the spatial information and the
temporal motion information.

Key words machine vision; action recognition; sequential optical flow image; convolutional neural network; support
vector machine
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Fig. 1 (a) Original video frames; (b) optical flow images; (c) sequential optical flow images
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Fig. 2 Double-stream network framework fusing appearance information and motion information
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Table 3 Recognition accuracy of different

Table 1 Recognition accuracy of HMDB51 %
Method Split 1 Split 2 Split 3 Average
SI 49.1 50.6 49.6 49.8
SOF 55.2 53.4 54.7 54.4
DI 50.7 52.5 53.1 52.1
SOFI 57.8 58.4 57.2 57.8
SOFI+DI 58.1 58.9 58.4 58.5
SOFI+SI 63.3 61.8 62.5 62.5

convolutional networks %
Network HMDB51 UCF101

Spatial stream 41.6 81.2
Temporal stream 54.3 75.6
Original double-stream 59.4 88.0
Appearance stream 43.4 82.3
Motion stream 55.4 79.1
ST-ResNet 65.6 92.7
A&.STM stream 64.9 90.1
LTM stream 57.8 81.7
Proposed double-stream 72.6 94.8

% 2 UCF101 iH %I AE w2

Table 2 Recognition accuracy of UCF101 %
Method Split 1 Split 2 Split 3 Average
SI 81.4 80.5 81.9 81.3
SOF 79.3 81.5 79.5 80.1
DI 83.4 83.9 82.6 83.3
SOFI 85.8 86.1 85.2 85.7
SOFI+DI 87.7 86.9 87.3 87.3
SOFI+SI 89.6 90.9 90.3 90.3

1.4 WimEMML

AR SR RU A5 R 28 43 S UL L2 i 5
KBz g3 . 5 A 400 ok HE & RGB WiF 51 A 7t
Tl . SRy B E 3 Al X £ HE HR 1 A Akt 43 S 4k
A3 M4 DL Kl A e BT M 45 X HMDB51
UCF101 0H 4 f P50 25 3 . A6 3 52 3t ) 26 B
% A fe 6 EmNAVEN#R T, & L2 3 —1b)5 i
AL SVM G 883647 40 JE 00, SE R L 7 ik
Ry SCHRES A6 D i XUIE 5 R 28 (435 2 [i] 3t A0 s ]
WO A SCHER[ 14 119 ST-ResNet (43 F5 3£ W i #1128 3h
T LEEE RN 3 Fin . SR R A, Al A
S B OBLE P 28 TR0 45 S L P A 323 #E HMDBS 1
AR R T 7.7% .14.8% . £ UCF101 _E 4351141

T A BOE AE v R F B I XA A AR 4% 7R S
TRV Y M R AR B o iR 44 T 10 2 59 4T D 280
# 4 s, HMDBS1 e 5 5 & A K47
25 5] &y Cartwheel, Climb _ stairs, Swing _ baseball
S5 UCF101 o fffy A 2 iy & 80 R AT 9 2R 51
IceDancing, Hammering, FloorGymnastics %, X
BEAT S AH X 52 % o Sk S I R, 11T L 7R A I N e 3R B
R Al AT S A AR AH L, ) B Cartwheel F
Handstand, Swing _baseball 1 Hit, IceDancing #
ShakeHands 4§,

4 MERIE S EHEATT 10 1T R 35

Table 4 TOPI10 categories of accuracy improvement %

HMDB51 UCF101

Action category Increment Action category Increment

Cartwheel 35.6 IceDancing 24.6
Climb_stairs 32.3

Swing_baseball 31.7

Hammering 22.3

FloorGymnastics 17.8

Hit 30.0 JumpRope 17.2
Handstand 29.6 Fencing 16.4
Smoke 26.5 BrushingTeeth 13.9
Drink 24.3 Skiing 12.8
Draw_sword 19.8 Nunchucks 11.6
Shoot_ball 17.4 CricketBowling 11.2
Wave 16.9 HighJump 10.7
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Table 5 Comparison of recognition accuracy for

different methods %

Method HMDB51  UCF101
IDT+FVHS 57.2 84.8
Shallow IDT+ HSVHH 61.1 87.9
MoF AP 61.7 88.3
CNN-hid6 -+ DT — 89.6
TDD-+IDT 65.9 91.5
Deep TSN 71.0 94.0
13D+ Double-stream'?’] 66.4 93.4
SOFI+ Double-stream 72.6 94.8
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