BA1E F 12 H 128 = L 5 1 Vol. 41 No. 12
2018 4 12 A CHINESE JOURNAL OF COMPUTERS Dec. 2018

BETREKRZENE [ DLSTM By
i = — B A 30 5 4R 1R A

éﬂ\(mljnm E%ﬁ Hgl) 7]/57%@‘(” %%ﬂ%” %%%1>.3).1>
j_]J é@?w.m é ’f{;” ffi %_';‘:2)

VORI R AR S EOR 2 BE L9 S50 215006)
DFEPFBEBOR S5 B IR WL #52% 314001
VORI TR B LR 5 TR LR W 2155000
DR RIS fF R At 100044)
DEMREFSH RSN TREATMESALREE KFE 130012)

A OE EST SRR I AL SR A BE R R —. AT ARG T A R A
SO 2% L DX I PR ok G ™ B AR A AT R 2 N 22 S R M 22 S L RN SR T AR R Y TR XL A i o A2
28 o T B R AL 4R 1 — Pl T 5k 22 XL ] DLSTM(DRDU-DLSTM) 14 i 25 — B = 4 13591 77
B e N R b B IR] CNIN R 465 i1 2 ] CNIN [ 2 3 B3 1 I 2 % 38 R E - 48 LSTM [l 28 i A7 )i 7B I
B} 28 R A B Tk 4 5 0T DLSTM. 345 o 5% 22 0 2% 19 i AL XU 1] 1% 3% i) DLSTM B 4% J5 #4 )% DU-DLSTM JZ; 2
4> DU-DLSTM JZ i — 8 % BB B U5k 22 85 5 18 e S5 Al 1, 22 2 1 5% 28 460 e of 8 g 0 17 TR B2 ik 2 I 446 2.
T AU EE R B TR T XU L Loss 1 2C-softmax H Ay bR %8, 75 dic A0 2 18] BE &5 i [a) i Je /B 28 Y
Ver) I B8 S M R AR B 4 VIRAT 1.0 Rl VIRAT 2.0 |- 1 92 56 3% 0] . 1% SC R H A9 33 138 300 O o A AR A 1) o g
FBUANRGE P U M B 50 4R = T 5. 10 7. 306,

KR BRI B A B ER2E L s LSTM; MU ] ; DLSTM; T8 B R AIE 5 Wi 45 4040
hEESES TP391 DOI € 10.11897/SP.J.1016.2018. 02852

Deep Residual Dual Unidirectional DLSTM for Video Event Recognition with
Spatial-Temporal Consistency

LI Yong-Gang”'? WANG Zhao-Hui” WAN Xiao-Yi” DONG Hu-Sheng” GONG Sheng-Rong"”*"
LIU Chun-Ping”” JI Yi” ZHU Rong”

D (School of Computer Science and Technology , Soochow University s Suzhou, Jiangsu 215006)
D (College of Mathematics Physics and In formation Engineering . Jiaxing University . Jiaxing. Zhejiang 314001)
D (School of Computer Science and Engineering , Changshu Institute of Science and Technology . Changshu, Jiangsu 215500)
Y (School of Computer and Information Technology . Beijing Jiaotong University . Beijing 100044)
» (Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education , Jilin University , Changchun 130012)

Abstract Event recognition in surveillance video is attracting growing interest in recent years.

Nevertheless, event recognition in real-world surveillance video still faces great challenges due to
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various facets such as cluttered background, severe occlusion in event bounding box, tremendous
intra-class variations while small inter-class variations, etc. A pronounced tendency is that more
researches focus on learning deep features from raw data. Two-stream CNNs (Convolutional
Neural Networks) architecture becomes a very successful model in video analysis field, in which
appearance features and short-term motion features are utilized. In contrast, Long Short-Term
Memory (LSTM) network can learn long-term motion features from the input sequence, which is
widely used to process those tasks with quintessential time series. In order to combine the advantages
of the two types of networks, in this paper, we propose a deep residual dual unidirectional double
LSTM (DRDU-DLSTM) for video event recognition in surveillance video with complex scenes.
In the first place, deep features are extracted from the fine-tuned temporal CNN and spatial
CNN. Since fully connected layers (FC) takes more semantic information than convolutional
layers, which are more suitable as the inputs of LSTM network, we extract FC6 feature of spatial
CNN and FC7 feature of temporal CNN respectively. Secondly, to reinforce spatial-temporal
consistency, the deep features are transformed by spatial LSTM (SLSTM) and temporal LSTM
(TLSTM) respectively, and conjugated as a unit called double-LLSTM (DLSTM), which forms
the input of the residual network. DLSTM cells increase the number of hidden nodes of LSTM
cells, and expand the width of the networks. The input features of spatial CNN and temporal
CNN are deeply intertwined by DLSTM cells. At the same time, the features will be transmitted
and evolved simultaneously, which will increase the consistency of spatial and temporal features.
Furthermore, dual unidirectional DLSTMs are concatenated as DU-DLSTM layer. Compared
with the shallow bidirectional recurrent network, the deep dual unidirectional network captures
the global information better. The architecture of DU-DLSTM can further ramp up the capacity
of hidden nodes in networks. The wider networks augment the optional range of features and
enhance the coupling capacity of the feature. One or more DU-DLSTM layers are added to an
identity mapping to form a residual block, in which the identity shortcut is a good solution to the
problem of deep network vanishing gradient. Stacked residual blocks construct the deep residual
architecture. The LSTM network with residual structure can reach up to 10 layers, which deepens
the depth of the recurrent network. What’s more, the network’s optimization ability will be
greatly enhanced. At last, to further optimize the recognition results, we design 2C-softmax
objective function based on two-center Loss, which computes the center of spatial feature Cg and
the center of temporal feature C; separately. Cs and C; will be fused as one center of mass
according to the set weight coefficient. 2C-softmax objective function can minimize the intra-class
variations while keep the features of different classes separable. Experiments on VIRAT 1.0
Ground Dataset and VIRAT 2. 0 Ground Dataset demonstrate that the proposed method has good
performance and stability, which can achieve superior performance by 5.1% and 7. 3% respectively

compared with the state-of-the-art methods.

Keywords even recognition; spatial-temporal consistency; residual network; long short-term

memory; dual unidirectional; double long short-term memory; deep feature; surveillance video
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@ Chevalier G. Lstms for human activity recognition. https://
github. com/guillaume-chevalier/LSTM-Human-Activity-
Recognition, 2016
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Background

Video monitoring is widely used in our lives. Nonetheless,
important information extracted from the surveillance videos
is mainly by hand-crafted analysis, which leads to high cost
and low efficiency. Event recognition in surveillance video is
attracting growing interest in recent years. Nevertheless,
event recognition in real-world surveillance video still faces
great challenges due to various facets such as cluttered
background, severe occlusion, etc.

Recently, a pronounced tendency is that more researches
focus on learning deep features from raw data. Two-stream
CNNss architecture becomes a very successful model in video
analysis field, in which appearance features and short-term
motion features are utilized. LSTM network can learn long-term
motion features from the input sequence, which is widely
used to process those tasks with quintessential time series.
Whatever CNN or LSTM, they will meet vanishing gradient
problem with the depth’s increasing. Accordingly, training a
very deep network is very difficult. Deep residual network

provides a good solution by using residual blocks, which
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makes it possible to train network with hundreds even more
than a thousand of layers, and the performance is still excellent.
The design of shortcut ingeniously solves the vanishing
gradient problem. We combine the merits of several networks
aforementioned, and propose a deep residual dual unidirectional
DLSTM for video event recognition in surveillance video.
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