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Introduction
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Data Set

< CHEHMQI Surveillance Video Dataset

Dataset Data L{ &
1. UCSD
2. Subway Entrance/Exit
3. CUHK Avenue
4. ShanghaiTech IFEEI =2 Q%OI;LM =& E HICR b
5. UCF-Crime (Weakly Supervised) CCTVOl A 25t H x| 23 H|O|H
6. Traffic-Train nE A CCTVolM =T &l HlolH
7. Belleview T2 FXF0M =T E H|TL
8. Street Scene (WACV 2020) 2 3 EASE0M =8 HOL HolH
9. ITB-Corridor (WACV 2020) A= == #9002 Ho|H
10. XD-Violence (ECCV 2020) ZHH Az UX|E ¢l Hlo|H
11. ADOC (ACCV 2020) ZROMo XtEFSS EYot HOH
12. UBnormal (CVPR 2022) =29 ﬂxg%?ﬂﬂtléé;gPﬁo?Efﬁ H8S
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Data Set

<% CHEAQI Video Dataset (UCF-Crime)
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< CHEX QI Surveillance Video Data set2 (Shanghai tech)
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Video Anomaly Detection

% Video Anomaly Detection ?

1. Training Phase
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- Normal Training video /

2. Detection Phase
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Video Anomaly Detection

% Video Anomaly Detection & (Fully Supervised)
e 170 EAME 1719| Dataset 2 MM FrameH Label AN
« Oz J2I0M 2HRY G|O|E{ Q| 4,56 Frame& Anomalous Frame

* Labelings ?|¢h A[ZtO] BO] &~

- Normal Frame - Anomalous Frame
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Video Anomaly Detection

% Video Anomaly Detection S (Weakly Supervised)
« 170 GA&2 1709 Datasete 2 A7
- oie F4 0| Anomalous Data X2 0 & Labeling
. Of2f OZ0fA 28R §|O|E 2| Anomalous FrameS Zgtsh HAb
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Video Anomaly Detection

< Video Anomaly Detection S (Unsupervised)
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

« Sultani, W, Chen, C., & Shah, M. (2018). Real-world anomaly detection in
surveillance videos. In Proceedings of the IEEE conference on computer vision and
pattern recognition (pp. 6479-6488).(1199%| 2I-8)
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Real-world Anomaly Detection in Surveillance Videos
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]Dep:mmem of Computer Science
Information Technology University, Pakistan

Chen Chen?, Mubarak Shah®

Center for Research in Computer Vision
University of Central Florida, Orlando, FL.USA

wagas51638gmail .com, chenchen870713fgmail.com, shahfcrov.ucf.edu

Abstract

Surveillance videos are able to capture a variety of real-
istic anomalies. In this paper, we propose to learn anoma-
lies by exploiting both normal and anomalous videos. To
avoid annotating the anomalous segmenis or clips in rrain-
ing videos, which is very time consuming, we propose to
learn anomaly through the deep multiple instance ranking
framework by leveraging weakly labeled training videos,
i.e. the training labels (anomalous or normal) are at video-
level instead of clip-level. In our approach, we consider
normal and anomalous videos as bags and video segments
as instances in muldriple instance learning (MIL), and auio-
matically learn a deep anomaly ranking model that predicts
high anomaly scores for anomalous video segments. Fur-
thermore, we introduce sparsity and temporal smoothness
constraints in the ranking loss function to better localize
anomaly during training.

We also introduce a new large-scale first of its kind
dataset af 128 hours of videos. It consists of 1900 long and
untrimmed real-world surveillance videos, with 13 realistic
anomalies such as fighting, road accident, burglary, rob-
bery, etc. as well as normal activities. This dataset can be
used for two tasks. First, general anomaly detection consid-
ering all anomalies in one group and all normal activities in

etc. to increase public safety. However, the monitoring ca-
pability of law enforcement agencies has not kept pace. The
result is that there is a glaring deficiency in the utilization of
surveillance cameras and an unworkable ratio of cameras to
human monitors. One eritical task in video surveillance is
detecting anomalous events such as traffic accidents, cimes
or illegal activities. Generally, anomalous events rarely oc-
cur as compared to normal activities. Therefore, to allevi-
ate the waste of labor and time, developing intelligent com-
puter vision algorithms for automatic video anomaly detec-
tion is a pressing need. The goal of a practical anomaly
detection system is to timely signal an activity that deviates
normal patterns and identify the time window of the occur-
ring anomaly. Therefore, anomaly detection can be consid-
ered as coarse level video understanding, which filters out
anomalies from normal patterns. Once an anomaly is de-
tected, it can further be categorized into one of the specific
activities using classification techniques.

A small step towards addressing anomaly detection is to
develop algorithms to detect a specific anomalous event, for
example violence detector [30] and traffic accident detector
[23, 35]. However. it is obvious that such solutions cannot
be generalized to detect other anomalous events, therefore
they render a limited use in practice.



Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos
- X|ot HHHE (Multiple instance learning)
- Anomaly video= Positive bag / Normal video= negative bag
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Bag instance(video segment)
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

Positive bag Instance scores in positive bag

Anomaly video Bag instance (video segment)
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C3D feature extraction
for each video segment
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MIL Ranking Loss with sparsity
and smoothness constraints
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- KO &HHE (Deep MIL Ranking Model)
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

- XoF BHHE (Deep MIL Ranking Model)
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

* Experiment Result
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Figure 6. ROC comparison of binary classifier (blue), Lu er al.
[28] (cyan), Hasan et al. [18] (black), proposed method without
constraints (magenta) and with constraints (red).
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

* Experiment Result

- Mietel B¥EE=0| ChE HEE UH § 2 ds

o d
AR LR (Lu et al )2 BIE S HIC| 20| ot T35 EXM ‘;-J% 827t US.
- FRHA Y8 (Hasanet al) 8¢ IHES & <I50HX| 2 M2 & TEO| CHHA

2 0|4 M MY

Method AUC

Binary classifier 50.0

Hasan et al. [ 18] 50.6

Lu et al. [28] 65.51

Proposed w/o constraints 74.44

Proposed w constraints 75.41

Table 3. AUC comparison of various approaches on our dataset.
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% Real-world Anomaly Detection in Surveillance Videos

» Experiment Result
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Video Anomaly Detection

% Real-world Anomaly Detection in Surveillance Videos

* Experiment Result

Model training
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False Alarm
| Method | [18] | [28] | Proposed |
| False alarm rate | 27.2 | 3.1 I 1.9 |

Table 4. False alarm rate comparison on normal testing videos.
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Video Anomaly Detection

%+ Self-Training Multi-Sequence Learning with Transformer for Weakly Supervised Video

Anomaly Detection

« Li, S, Liu, F, & Jiao, L. (2022, June). Self-training multi-sequence learning with
transformer for weakly supervised video anomaly detection. In Proceedings of the
AAAI Conference on Artificial Intelligence (Vol. 36, No. 2, pp. 1395-1403). (382| 218)

Self-Training Multi-Sequence Learning with Transformer for Weakly Supervised
Video Anomaly Detection

Shuo Li, Fang Liu*, Licheng Jiao
Key Laboratory of Intelligent Perception and Image Understanding of Ministry of Education,
International Research Center for Intelligent Perception and Computation,
Joint International Research Laboratory of Intelligent Perception and Computation,
School of Artificial Intelligent, Xidian University, Xi*an, 710071, P.R. China,
alisure @stu.xidian.edu.cn, f63lin@ 163 .com, Ichjiao @ mail xidian.edu.cn
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Abstract

‘Weakly supervised Video Anomaly Detection (VAD) using
Multi-Instance Learning (MIL) is usually based on the fact
that the anomaly score of an abnormal snippet is higher than
that of a normal snippet. In the beginning of training, due
to the limited accuracy of the model, it is easy to select the
wrong abnormal snippet. In order to reduce the probability of
selection errors, we first propose a Multi-Sequence Leamning
(MSL) method and a hinge-based MSL ranking loss that uses
a sequence composed of multiple snippets as an optimization
unit. We then design a Transformer-based MSL network to
learn both video-level anomaly probability and snippet-level
anomaly scores. In the inference stage, we propose to use the
video-level anomaly probability to suppress the fluctuation
of snippet-level anomaly scores. Finally, since VAD needs to
predict the snippet-level anomaly scores, by gradually reduc-
ing the length of selected sequence, we propose a self-training
strategy to gradually refine the anomaly scores. Experimental
results show that our method achieves significant improve-
ments on ShanghaiTech, UCF-Crime, and XD-Violence.

Introduction

Hong. and Zheng 2021). Recently. many researchers have
focused on weakly supervised VAD (Zhong et al. 2019).

Most weakly supervised VADs are based on Mulii-
Instance Learning (MIL) (Sultani, Chen, and Shah 2018;
Zhu and Newsam 2019; Wan et al. 2020; Tian et al. 2021).
MIL-based methods treat a video as a bag, which contains
muliiple instances. Each instance is a snippet. The bag gen-
erated from an abnormal video is called a positive bag, and
the bag generated from a normal video is called a negative
bag. Since the video-level label indicates whether the video
contains anomalies, the positive bag contains at least one
abnormal snippet and the negative bag contains no abnormal
snippet. MIL-based methods learn instance-level anomaly s-
cores through the bag-level labels (Zhong et al. 2019).

In MIL-based methods, at least one instance of the posi-
tive bag contains the anomaly, and any instance of the neg-
ative bag does not contain the anomaly (Sultani, Chen, and
Shah 2018). Generally, MIL-based methods assume that the
instance with the highest anomaly score in the positive bag
should rank higher than the instance with the highest anoma-
ly score in the negative bag (Zhu and Newsam 2019). There-

Frra tha imanetant thinae fae MTT hacad ssathade o to cne
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Video Anomaly Detection

%+ Self-Training Multi-Sequence Learning with Transformer for Weakly Supervised Video
Anomaly Detection

- 7|& MIL(Multi-Instance Learning) &'# 22| X
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- Instance 17HE Loss Functiong Bt=0A X X3S S| %S,
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Video Anomaly Detection

< Multi-Sequence Learning

«  MILIF MSLZHOf| Instance 4A1EH 2h H|
- (a) T7H<2| Snippet(Instance)= %= H|LC|22| Anomaly Score
- SEA InstanceZt 7Y 2 Anomaly Score
- 5HR InstanceE M EiSI= MIL A EE

- MSLZ i H] InstanceF H KIH2| A= InstanceE T El SequenceE 41 EH

&
fg(l?-;.r) ______________________ ;__,_,..-_"‘:"\—-.._H“-
0 _ ,,,”"f : N
E ffﬂ_h“—*’/f : \‘wm. (d)
w | | ~—
: >
1 5 snippet T
b
1 5 - ©®
1 [ i+ K T (c)
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Video Anomaly Detection

< Multi-Sequence Learning

. MSLYHE

o -di—
- K(Hyperparameter)& &1 K7H2| = InstanceE 41 EH
- K7 2% Anomaly Score A4t — Sequence'® Eat A4t

- Anomaly Score2| B 0| 7t& 2 Sequence +1E4
K-
T-K
S={si}35, si= Z (vigr), (@)
=1

max S, i = Imax Sn J9
8a, 1E"_Jr Sn, I.Eqﬂ

1 K- 1 K-1
Sai = e kz_: Qi k) Sn,g = 7% ; fo(nisk)-

(3)

L(B,,B,) =max(0,1 — max s,; + max s,;). (6)

?aiEq Sn,iEon
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Video Anomaly Detection

% Transformer-based MSL Network (Overview)

----------

Video Classifier { i
—— — ! e —H: BCE Loss !

Class Token Linear Head & 77777 p
: " > T m /e
vs, E i > g > > = * fo(v3) . .
1 m == !
o e Samndie Rl - S g CICON BV M
¥ " ' » » o — 5 =™ —»f,(v,) —> Ranking |
o 1 1 X T by AL la : b '
S . : > > o —» a N —f5(vs) , Loss !
[q'] ] 1 . ) N __ .
: T > T 52 — /el
: T > > — % ——fy(v;)-
Feature F Transformer-based Multi-Sequence

Learning Network

(a) Multi-Sequence Learning Architecture

« Instance== BackboneWM EZZ FF (C3D, 13D, VideoSwin AFE + Pre-train W)
« ZTZEEl Feature2t Class Token= CTE1,2(convolutional transformer encoder) &=
 Feature= Regressor2 Y& EZ|0{ Instance'® Anomaly ScoreE 4t&= — MSL Ranking L

» Class token2 Classifierg &2tSt BCE(Binary cross entropy p and Y) Loss Al 4t
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Video Anomaly Detection

% Transformer-based MSL Network (Video Classifier)

__________

Video Classifier { |
—e e ———» p — BCELoss !

Linear Head I '
Class Token @ === nemmmmaaaat

_______

CXHLD

auoqyoeg

_______

Transformer-based Multi-Sequence

Feature F ;
Learning Network

(a) Multi-Sequence Learning Architecture
p=oc(W°"-E°0]), E°=CTFExs(classtoken||F), (7)

* Featuredl Class Token2 CTEZ /%] MZ2 Feature(Ec) 4
« W< Video Classifier@| Parameter, p= videoOll Anomalies’} Z&tE =&

« Class token2 CTEO|A M= EXES A SIY HC|o MHAEC EXZ BHS(F)
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Video Anomaly Detection

<+ Transformer-based MSL Network (Snippet Regressor)

_______

{ ——— . > oo

H » 02 > — =
— H ! ' ; > =3 > fo(v3) o .
& i T x T "o *8& M| | msL !
§ " X > - 51('1 — ; Z —*/fe(va) —> Ranking E
g i i > > o > o H ——fo(vs) i Loss
o I 1 L] e,

e > 5% — )

T > e I ACHE

Feature F Transformer-based Multi-Sequence

Learning Network

(a) Multi-Sequence Learning Architecture

fo(vi) =a(W" - E"[i]), E"=CTE«(E°), (8)
L = L(B,,B,) + BCE(p,Y), 9)

« MSL Ranking LossOll BCE(binary cross entropy)

fujo

E0|7| 2|3l Score correction HHS AtE

fo(vi) X p. (10)

« Anomaly scorel| H&

s

G(Uz‘)

=]
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Video Anomaly Detection
% Self-Training MSL

______________

[ i
Inference i Features i
1
g ;
! New Snippet- ,
(mm - . Multi-Sequence Learning i Level Pseudo- |
f : H Labels :
! Features i ! !
1
i ' Stage 1: Stage 2: ! :
1 e a : K = T . - 1 I
+ Initial Snippet- | MSL with MSL with i i
i Level Pseudo- ! s g H |
I Label ! pseudo-labels to predictions to ! !
' abels :
! \ select sequences select sequences
i | . ',[ ...... - B
! 1
1

I O

(b) Self-Training Multi-Sequence Learning Pipeline

« 7] o5 Al Model2l Anomaly Score 0| = - HE FS(RRE Sequence 4EH)

S
— Weakly Supervised O|7|M| 20 s &0 £0 =l LabelZ Pseudo LabelZ2 E&
— 1. Pseudo LabelZ2 Sequences MEH & ot&  L(Ba,Bn) = max(0,1 = sa;i+sni), (D)
Py
=

. 2. 0| gtoz A|BAS MEtstof &

+ pseudo label update
. 32(T) ~ 16— 8~ 4 — 2 > 1 KH%5 X2 FHH7IBA 04 K

« 10|&l 0|F &M E Self Training EHE8HA Pseudo Label9| &5
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Video Anomaly Detection

“» Experiment Result

Method Feature Crop | AUC(%) 1 Method Feature Crop | AUC(%) T
MIL-Rank’ I3D RGB one 8533 MIL-Rank C3D RGB one 75.41
GCN C3D-RGB ten 76.44 MIL-Rank/ I3D RGB one 77.92
GCN TSN-Flow ten 84.13 Motion-Aware PWC-Flow one 79.00
GCN TSN-RGB ten 84.44 GCN C3D-RGB ten 81.08
IBL I3D-RGB one 82.50 GCN TSN-Flow ten 78.08
AR-Net' C3D RGB one | 8501 GCN TSN-RGH ten | 8212
IBL C3D-RGB one 78.66
AR-Net I3D Flow one 82.32
CLAWS C3D-RGB ten 83.03
AR-Net I3D RGB one 85.38 MIST C3D-RGB one 21.40
AR-Net I3D-RGB+Flow | one 91.24 MIST 13D-RGB one 27 30
CLAWS C3D-RGB one 89.67 RTFM C3ID-RGB ten 83.28%
MIST C3D-RGB one 93.13 RTFM 13D-RGB ten 84.03
MIST [3D-RGB one 94.83 RTFM* VideoSwin-RGB | one 83.31
RTFM C3D-RGB ten 91.51 Ours C3D-RGB one 37 85
RTFM I3D-RGB ten 97.21 Ours I3D-RGB one 85.30
RTFM* VideoSwin-RGB | ten 96.76 Ours VideoSwin-RGB | one 85.62
Ours C3D-RGB one 94.23
Ours I3D-RGB one 95 .45 Table 2: Compared with other methods on UCF-Crime. The
Ours VideoSwin-RGB | one 96.93 method with T is reported by (Tian et al. 2021). * indicates
Ours C3D-RGB ten 94.81 we re-train the method. Bold represents the best results.
Ours I3D-RGB ten 96.08
Ours VideoSwin-RGB | ten 97.32

Table 1: Compared with related methods on ShanghaiTech.
The methods with T are reported by (Feng, Hong, and Zheng
2021) or (Tian et al. 2021). * indicates we re-train the
method. Under the same feature, the highest result is bolded.
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Video Anomaly Detection

% Experiment Result

1.0 2l 1.0 1.0
™~
0.8 [ ll 0.8 — 0.8 "/\ \
} X * ' " ll’ [ \/ .l
I B
| - '
0.2 ' | " 0.2

0.2 02
| /\ / s .
o e O gL L e R L e B 5. TR o SR
(a) Abnormal Video 01_0025 (b) Abnormal Video 03_0032 (c) Abnormal Video 01_0051 (d) Normal Video 08_045
1.0 ‘ a ﬂ 1.0 7w 1.0 1.0
' 1| {\ 0.8 : ol 08
| \| { A
l || '| | 0.6 pa /I H l 06
0.4 ‘ - 0.4 ' > l'. 0.4/
0.2 0.2 : E 0.2
0.0-5—355To00 1500 2600 2500 3000 D0 6T 300 300 40— 00 0*"2"50’536*7"5'64100012’5015’001\7‘50 0.0l 52351500~ i’s‘ﬁj""z/(’)objﬂz"sjoo
(e) Explosion 033 _x264 (f) RoadAccidents 012 _x264 (g) Robbery 102 _x264 (h) Normal Video 894.x264
Basic Layer | ShanghaiTech | UCF-Crime Score correction | ShanghaiTech | UCF-Crime
Transformer 096.51 85.41 'Y 95.98 84.94
CTE 96.93 (+0.42) | 85.62 (+0.21) v 96.93 (+0.95) | 85.62 (+0.68)
Table 4: Compared with Transformer (Dosovitskiy et al. Table 5: Performance improvement brought by the score
2021), AUC(%) improvement brought by CTE on the correction method in the inference stage measured by
ShanghaiTech and UCF-Crime datasets. AUC(%) on the ShanghaiTech and UCF-Crime datasets.
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