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Video anomaly detection with long-and-short-term time series correlations
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Abstract: Objective Video anomaly detection has been applied in many fields such as manufacturing, traffic management
and security monitoring. However, detailed annotation of video data is labor intensive and cumbersome. Consequently,
many researchers have started to employ weakly supervised learning methods to address this issue. Unlike the supervised
learning method, the weakly supervised learning only requires video-level labels in the training stage, which greatly
reduces the workload of dataset labeling, and only frame-level labeling information is required for the test dataset. Multiple
instance learning (MIL) has been recognized as a powerful tool for addressing weakly supervised video abnormal event
detection. Abnormal behavior in video is highly correlated with video context information. The traditional MIL method uses
convolutional 3D network to extract video features, uses the ordering loss function, and introduces sparsity and time
smoothing constraints into the ordering loss function to integrate time information into the ordering model. Introducing time

concern only into the loss function is not enough. The use of temporal convolutional network to extract video context infor-
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mation further enhances the effect of video anomaly detection network. However, this global introduction of time informa-
tion cannot sufficiently separate abnormal video clips from normal video clips. Therefore, the attention MIL builds time-
enhancing networks to learn motion features while using the attention mechanism to incorporate temporal information into
the ranking model. The learned attention weights can help better distinguish between abnormal and normal video clips.
The spatiotemporal fusion graph network constructs spatial similarity graphs and temporal continuity graphs separately for
video segments, which are then fused to generate a spatiotemporal fusion graph. This approach strengthens the spatiotempo-
ral correlations among video segments, ultimately enhancing the accuracy of abnormal behavior detection. Multiple
instance self-training framework uses pseudo-label training, which is an effective training strategy to improve model quality
in weakly supervised learning. It constructs a two-stage training network and uses the pseudo-label trained by the first-stage
MIL to guide the training of the second-stage self-guided attention feature extractor, providing a general idea to improve
model quality. However, these approaches do not fully exploit temporal correlations, as the feature representation of the
instances lacks fusion with neighboring and global features. Abnormal events often exhibit characteristics such as sparsity,
suddenness, and local continuity, and the insufficient temporal correlations between video segments result in an inad-
equate separation between normal and abnormal segments. To address this issue, this paper proposes a two-stage abnormal
detection network with long-and-short-term time series association. Method The first stage involves a long-and-short-term
time series association abnormal detection network (LSC-transMIL) that applies the Transformer structure to MIL methods.
It consists of two layers, each containing a local temporal sequence correlation attention module and a global instance corre-
lation attention module. The former learns information in the temporal dimension between individual instances and neigh-
boring instances, while the latter focuses on the association between individual instances and global information. Combin-
ing local and global attention mechanisms makes it possible to establish meaningful information correlations among
instances, highlighting the distinctions between local and global features in the video. This approach makes it easier to dis-
tinguish abnormal video segments from normal ones. This module generates new instance features, which are then fed into
the ranking model to generate video abnormal scores and pseudo-labels. In the second stage, a spatiotemporal attention
mechanism-based abnormal detection network is constructed. The SlowFast backbone network is employed to extract video
features, and the slow and fast pathway features are weighted and fused using spatiotemporal attention. The slow branch
pays attention to the spatiotemporal information of the video frame using the spatiotemporal attention module , while the fast
branch guides the attention to the temporal information through the time-dimensional attention module, and then the two
branch features are spliced to obtain the final video features. The abnormal scores generated in the first stage are used as
fine-grained pseudo-labels to train the abnormal event detection network by using a pseudo-labeling strategy. Further-
more, the backbone network is fine-tuned to enhance the adaptive capability of the abnormal event detection network.
Result Extensive experiments were conducted on two large-scale public datasets (UCF-crime and ShanghaiTech) to com-
pare the proposed two-stage abnormal detection model with similar methods. The two-stage model achieved area under the
curve scores of 82.88% and 96.34% on the UCF-crime and ShanghaiTech datasets, respectively, demonstrating an
improvement of 1.58% and 0. 58% compared with other two-stage methods. Sufficient ablation experiments were con-
ducted on the two datasets, and the effects of the proposed LSC-transMIL, traditional MIL method, and attention MIL
method were compared under three backbone networks, proving the effectiveness of LSC-transMIL. Qualitative and quanti-
tative explanations are given for the ablation experiments of global attention and global local attention, and the effectiveness
of combining local and global attention is proved. The role of local and global time correlation is visualized using heat
maps. Conclusion This paper applies the Transformer to time series-based MIL and introduces long-and-short-term atten-
tion to highlight the differences between local abnormal events and normal events. The proposed two-stage abnormal detec-
tion network utilizes the abnormal scores generated in the first stage as pseudo-labels, trains a network based on the Slow-
Fast backbone network and spatiotemporal attention modules, and fine-tunes the backbone network to enhance the adaptive
capability of the abnormal detection network. The proposed approach effectively improves the accuracy of abnormal event
detection.

Key words: anomaly detection; Transformer; spatio-temporal attention; multiple instance learning (MIL) ; weakly super-

vised
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2021) XF I [ 4EBE THEATARBE, T 1 x 1 B BUH (]
Y T T 4 N IR AR 1/8, 223 4 i A8 $ (reshape ) #24F
g F e RPN 285 = Y B2 | reshape
unsqueeze Fl sigmoid ¥ 1 J2 3K 15 W) (4] A 5 K BF
W, e R7 0 Fast BT 1B 1 F o

F,=X+X,0W, (11)

W PSR SOOI EA T i AL R (PR
J5 15 3 e 2 Y ALATURAAIE | SR F5 A S5 e 00 ) 4%
3 FRLRE S A [ AR Ay PRy 28 M B B — 03
SRRV, A T MLP (95 28 45 , ] sigmoid 22

P, AR U — R0 R B i) S 1 o0 . PR sR O
A& AR A0 2R PR, 7 91 B 25 {65 1 B B 2 1) 4
REPRZ L, BAE R
S,=MLP,(F,,F,L,,) (12)
R B, YN 253 B2 2 500 SlowFast M 4 i fm — 2,
AT R R I A 1 A5 2 7 s D, 185 5 % S
B A R

3 XWEER

Sh B UE I 52 07 ¥R I AT SO, AR ST T T R
£ ShanghaiTech 1 UCF-Crime #£47532%; . Shanghai-
Tech BG4 T 1305 P 130050 (15 A
[F] E) 188 A B2 FTDG HR A5, e I il 451 238 4>, Tl
AL 199 4~ (Zhong %5 ,2019) . UCF-Crime 5 H 4
B AN KA Y LS W R 4 A4 13 Fh
FeF, 1900 AR 2248 BT i A AT, H: v I R A A
16104, BERIYIZRIS R 7328073 2 1B ok
fifi FH7E Kinetics-400 %54 42 b Wl 2545 1) 2 45 [ 2
1) SlowFast F T P 25 2 AL AR AIE | 98 )5 5E T LSC-
transMIL RS Az iR 1 DO ARSE 5 55 2 B BRI Dl br 25
B SR W I e S ARG T ) 4, I 2 5 R v X Slow-
Fast B T W 26 ZBGHEAT HOR , i HBA B4Ry 3 &
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REH, Ak, MEAT, PAREER, =EE
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RYSUE TR T A A , B e X LSC-transMIL
BEAY 4 Jay ) R E B B3 | AT Rl S 4, O
Xf 4 Jey ARy BRI R i il RAGHA TS oM. SRS
5 0 55 W S R R I A T LA AT
WA i — 20 B ik r 48 7 vk i Pk g . KA Lin 58 A
(2018) . Liu 1 Ma(2019) DA & Wan % A (2020) Z Hi
) T AE B 050t 9% 19 37 3K E T AE FRAE i
(receiver operating characteristic curve , ROC) A9 [t £
THEFAUCAHE N EZE &, AUCHR BIRE 5 K
WIRE e .
3.1 HRhRIS
3.1.1 LSC-transMIL A4 il 52 56

R 04 £ B0 MR AE %) B T ) 2% 4 4%
13D (inflated 3D convnet) ,13D-RGB, C3D #l SlowFast .
HI T 13D 281 It S A It 7 2 o T 2 19 A7
fith 23 o] B ], 59090 2 4% B v, DL Y 13D-RGB,
C3D, SlowFast 3 1 [ 28 41 Ay B 0 28 X A SCH2 HE Y
LSC-transMIL SR HEAT I L5240 0 3 Fhi T M 45 3
K H Kinetics-400 %4 55 1 A 1001 258 U O $2 B
HRREAE o A C3D [ 28 S IR AIE B, 55 16 i
Sy — AP R B, K ) 25 11 fe6 J2 4 VR Sk C3D 4
IE, FEAE4EE A 4 096, i F I3D_RGB & T M 45
ECAL 00 A5 0E B 44 40 3 it 14 5 /I IR~ B8 4 R
256, I AT RS R 224 x 224 1% Z A0 TT (Zach
8,2007) , B 16 WUVE Ry — SR R B A A A R
fiE , I3D-RGB 45 1E 4 & 24 1 024 (Carreira 1 Zisser-
man, 2017) . SlowFast % % & BUERAE 5 i F B 5
SlowFast_r50_8 x 8 il & SC {4, R3% 22 32 WidE Jy—4>
AT B OF X0 HeitE A7 52 ], 3 64 WiVE A Fast 43 3 i
AL XFIX 64 WP TIR]BE A 8 B SRR, 345 8 ot P51
1 Slow 43 S Hi A, B 242 W SlowFast #1055 R 1iE 4
J 42 304, LSC-transMIL ¥ 45 45 416 B AL 126 B 40 4~
PR HEA T2, 20 /4> TE 5 HLA3URT 20 > S H BB, il
HH Adagrad {4625 L1 0. 01 B9 27 21 SR Az i 2% , 1%
B RES R« = 10, 2 EEy = 0.5,

TH S B0 L T 3 A T gk TR L
7 F FE Bl MIL A A (P 1 (a) ) 3 T B S ML Y
MIL A8 (] 1(h) ) LR A SCHE H ) LSC-transMIL AR
HIZE ShanghaiTech {45 45 Fl1 UCF-Crime 504545 1 1Y
RO SR RN L s . TN T s ] Y
Jri RN 4 JRy MK, 7 B T 2 AR R 5 0 T, AR SC

LSC-transMIL J7 37656 1 By Be i 5 RE AR A5 38 & T
At TR o S 1 ARSI 7 5 B9 AUC {H, 7F ShanghaiTech %8
i fE L RESETT 3. 43% LA L, 7E UCF-Crime 4 45 1
AEFE R 1%~2%.

Kl 4 875 T LL SlowFast -8 1 M 45 15 3 Ff MIL
77 119 ROC 2R (SlowFast F5:4iF ) , 7E IR R 3 R A0 17
UL, LSC-transMIL (£L 68 ) Ho HC At J5 25 3145 1 58
9 L BH A 2 AT LR B AR SCHE Y LSC-transMIL J5
PR . R LEPIAN B 4 BRI R T,
HoAb AR — O 60T L 55 1B Be s o fa i o 72 vp
SlowFast [ £ 4 B R AR5 A B 1 W 45 P e 50
A, BVHAE iU DR 2 ot i B o 258 b AR S %
SlowFast % 28 /5 4 55 2 B B 0 RRAE B2 B 28 JF R e
BTN (28 T AR

#1 LSC-transMIL ;53208
Table 1 LSC-transMIL ablation experiment
1%

) AUC
ik HUSTARAE
ShanghaiTech UCF-Crime
C3D 90.00 74.33
Basic MIL
I13D-RGB 88.97 74.86
(Sultani %,2018)
SlowFast 90.12 76.17
C3D 85.79 74.39
Attention MIL (Zhu
13D-RGB 89.65 75.82
I Newsam,2019)
SlowFast 92.11 77.08
C3D 94.22 79.24
LSC-transMIL 13D-RGB 92.13 80.47
SlowFast 95.54 81.41

TE PR FRIR A S R LA 2R

02 ,,/ — MIL (AUC =90.12%)
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Fig. 4 ROC curves of three MIL methods
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ARSCAESS 1B B 4 SR A s i 2 I BIL
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B ARSCIFSE T 3k AT R T A 2 R PR L A
ShanghaiTech %4 4 Fl1 UCF-Crime £ 45 4 [ ¥E475E
55, B T M4k SlowFast, SLE 25 R 4N 2 fr s . 7]
DLE U I sy v s AL S Rl A Rk o R
I AERR R , 7£ ShanghaiTech 288 % [ AUCHIE S T
1. 35%, 7£ UCF-Crime B4l 4 3 T 1. 31%.
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Table 2 Global and local attention ablation experiments
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ok & 94.19 80.10 SRAL TR R AL, i A — SRR 5 T AR B2
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Fig.5 Anomaly detection results of video 01_0056 of ShanghaiTech dataset
((a) global correlation attention; (b) global and local correlation attention)
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Fig. 6 Anomaly detection results of video 01_021 of ShanghaiTech dataset
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Fig. 8 AUC of different a values on the ShanghaiTech dataset
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Table 3 Performance comparison on
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Table 4 Performance comparison on UCF-Crime dataset

ShanghaiTech dataset 1%
% Irik WB MUBRRIE  AUC

7k W BBHE  AUC ST-Graph(Sun4,2020) Un - 72.70
CAC(Wang%,2020) Un - 79.30 GCL(Zaheer 5§ ,2022) Un ResNext  71.04
GCL(Zaheer %:,2022) Un ResNext 78.93 Zhang 45 A(2019) Weakly C3D 78.70
Sultani 4 A (2018) Weakly C3D 86.30 Zhu Fll Newsam (2019) Weakly — AE-Flow  79.00
Zhu 1 Newsam (2019) Weakly  AE-Flow 82.50 MCR (Gong 5,2022) Weakly 13D 81.00
AAVAD(Ma Fl1 Zhang,2022)  Weakly 13D 85.70 Zhong %¢ N (2019) Weakly C3D 81.08
CNL(Liu%,2022) Weakly - 88.20 MIST(Feng% ,2021) Weakly I3D-RGB  82.30
AR-Net(Wan%,2020) Weakly C3D 85.01 AAVAD(Ma F1 Zhang,2022) Weakly 13D 82.60
AR-Net(Wan%§,2020) Weakly 13D 91.24 Ours-one Weakly  SlowFast 81.41
MIST(Feng 55,2021) Weakly C3D 93.13 Ours-two Weakly  SlowFast 82.88
MIST(Feng % ,2021) Weakly I3D-RGB 9483 i, fHL AT R 25 43 B i O V(A 57 3
MCR(Gong %%,2022) Weakly 13D 94.92 ZE IR R R AR IR , Un A1 Weakly 4391 26 75 JC W
Ours-one Weakly  SlowFast  95.54 AN 55 W B
Ours-two Weakly  SlowFast  96.41
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