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ABSTRACT

1

Anomaly detection in surveillance videos, as a special case of videobased action recognition, has been of increasing interest in multimedia community and public security. Action recognition in videos
faces some challenges, such as cluttered background, illumination
conditions. Besides these above difficulties, detecting anomaly in
surveillance videos has several unique problems to be solved. For
example, the lack of sufficient training samples is one of the main
challenges for detecting anomalies in surveillance videos. In this
paper, we propose to utilize transfer learning to leverage the good
results from action recognition for anomaly detection in surveillance videos. More specially, we explore some techniques based
on action recognition models from the following aspects: training
samples, temporal modules for action recognition, network backbones. We draw some conclusions. First, more training samples
from surveillance videos lead to higher classification accuracy. Second, stronger temporal modules designed for recognizing action
and deeper networks do not achieve better results. This conclusion
is reasonable since deeper networks tend to over-fitting, especially
for the small-scale training set. Besides, to distinguish the hard
examples from normal activities, we separately train a neural network to classify the hard category and normal events. Then we
fuse the binary network and previous network to generate the final
prediction for general anomaly detection. On the benchmarks of
CitySCENE, our framework achieves promising performance and
obtains the first prize for general anomaly detection and the second
prize for specific anomaly detection.

Action recognition has drawn considerable attention from the multimedia research community owing to its widespread applications,
such as video classification [23, 27]. Recently, deep neural networks
and large-scale datasets bring impressive performance on action
recognition. For example, action recognition accuracy on UCF101
[24] reaches 98.0% with the I3D [3] pre-trained on Kinetics [11]
dataset that comprise several hundred thousand videos. However,
these action recognition models can not directly detect anomaly in
surveillance videos because they are always trained with videos
downloaded from the website.
Despite great practical importance, anomaly detection in surveillance videos is still lacking behind. This task is inherently more
difficult since besides challenges action recognition faced, also problems brought by surveillance videos have to be tackled.
First, in contrast to action recognition, anomalies have no clear
definition to distinguish from normal events. For example, the
crowd category belongs to the anomaly in the CitySCENE while
this class is defined as the normal activity in the UCFCrime [26]
dataset.
Second, and even more critically, building large-scale datasets to
train anomaly detection models is difficult. Different from action
recognition benchmarks which are constructed by unrestrainedly
downloading video from the internet, it is hard to build largescale anomaly detection datasets since we have no access to collect
enough surveillance videos through public methods. Moreover, collecting the videos which occur dangerous events or illegal activities
is more difficult due to legal restrictions and privacy protection.
To demonstrate the difference between action recognition and
anomaly detection datasets, we list the total video numbers, class
numbers, and the average samples per category in Table 1. We
can observe that action recognition benchmarks have hundreds
of times more training samples than anomaly detection datasets.
More importantly, the state-of-the-art approaches can obtain impressive accuracy on action recognition benchmarks. Inspired by
these observations, we explore to transfer the knowledge of action
recognition models to detect anomaly in surveillance videos.
In this work, we first fine-tune two types of action recognition
models: 2D-CNN based methods and 3D-CNN based approaches.
We observe that 2D-CNNs can achieve higher anomaly detection
accuracy perhaps due to fewer parameters. Then, we explore several
2D-CNN backbones with different pre-trained datasets. Next, we
progressively extend the training set by collecting some anomalies
from existing datasets. Besides, to improve the poor performance
in some categories, we separately train a network to classify the
hard category and normal events. Finally, we fuse both networks
to generate the prediction.
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Table 1: Statistics of four action recognition benchmarks and two anomaly detection datasets.

Datasets

Action Recognition

Anomaly Detection

Datasets

Year

Surveillance Videos

Trimmed

Videos

Classes

Samples Per Class

UCF101 [24]

2012

×

✓

13,320

101

min 101

ActivityNet [2]

2015

×

×

28,108

200

avg 141

Kinetics-400 [11]

2017

×

✓

306,245

400

min 400

YouTube8M [1]

2016

×

×

8,000,000

4,800

avg 1,667

UCFCrime [25]

2018

✓

×

1,900

14

min 50

CitySCENE

2020

✓

✓

2,265

13

min 30

The rest of the paper is organized as follows. The related work is
briefly introduced in Section 2. We report the experimental results
in Section 3. Finally, Section 4 points out the direction of our work,
and Section 5 concludes this work.

2

abnormal events using deep learning in a specific scenario. More
specifically, Zhao et al. [34] introduce a novel prediction loss for
producing future frames to enhance the anomaly feature learning.
In [22], generative adversarial nets (GANs) are trained with normal
frames and corresponding optical flow images to detect anomaly.
The meta-learning mechanism is introduced in [17] to eliminate
background-bias in anomaly detection.
Some researchers pay attention to building datasets for anomaly
detection in surveillance videos. Sultani et al. [25] construct a largescale anomaly detection dataset and propose a novel deep multiple
instance ranking framework for the weakly-labeled training set.
Similarly, the authors of [15] collect trimmed surveillance videos
for anomaly detection. Both benchmarks are utilized to train our
model, which increases the training samples significantly and then
improves the detection accuracy.

RELATED WORK

We briefly divide previous related work into two categories: (i)
action recognition, (ii) anomaly detection.
Action Recognition. As one of the most related tasks to anomaly detection, action recognition offers many options to detect
the anomaly. According to different network architectures, the approaches designed for action recognition fall into two categories:
one-stream 3D-CNN based methods [3, 5, 14, 16, 27] and two-stream
2D-CNN architecture approaches [13, 23, 28]. The former methods
utilize 3D convolutional filters and operate on a short clip. The
basic architecture of two-stream is first proposed in [23] where
spatial net captures single RGB image appearance and temporal net
depicts the motion among a short clip with the input of ten optical
flow maps.
Recently, some researchers [10, 13, 35] focus on efficient action
recognition which can process the videos in real-time. Lin et al.
[13] develop a novel Temporal Shift Module (TSM) which shifts
part of the channels along the temporal dimension. This module is
efficient since it can achieve the performance of 3D CNN with 2D
CNN’s complexity. Similarly, a Spatio-Temporal and Motion (STM)
encoding block is designed in [10] to efficiently encode motion
features in a 2D framework.
Anomaly Detection. Anomaly detection has become an increasingly popular research topic due to its extensive applications.
In the last decade, a lot of research has been done on detecting
violence, aggression, or accident in a specific scenario.
The authors of [20, 21, 33] introduce sparse representation to
learn the dictionary of abnormal behaviors. In [6], a sort of oriented
flow descriptor is designed to classify anomaly and normal events in
surveillance videos. Similarly, the motion and orientation of human
limbs are developed in [4] to detect abnormal behaviors in crowd
scenarios. Besides, in order to distinguish violence from normal
actions, a set of simple behavioral heuristics is defined in [21] to
describe people’s behaviors.
Inspired by the success of deep learning for video understanding
[8, 18, 19, 29], researchers make extensive attempts to recognize

3

EXPERIMENTS

We conduct experiments on the challenging benchmark: CitySCENE.
In this section, we first describe the dataset, evaluation metrics,
and implementation details. Then, we present and analyze the experiment results of action recognition models. More specially, we
explore the effect of different action recognition models, network
backbones, and training samples. Next, we introduce several extra
benchmarks that comprise hard-detected anomaly categories to
mine the hard example.

3.1 Dataset
CitySCENE. CitySCENE is a new large-scale anomaly dataset consisting of 2,265 surveillance videos with 12 realistic anomalies, such
as robbery, explosion, shooting, stealing, and so on. The duration
of most training videos is several seconds since they are trimmed
and only contain the anomaly. This benchmark can promote the
research of city management and public safety.

3.2 Evaluation Metrics
To evaluate the models, we split 30% of the original training set
as the validation set. We report the frame classification accuracy
for general anomaly detection and video classification accuracy for
specific anomaly detection.
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Table 2: The accuracy of 2D-CNNs and 3D-CNNs on action
recognition datasets and anomaly detection datasets.
Methods
2D-CNN

3D-CNN

Methods

Table 3: The video accuracy and frame accuracy on
CitySCENE using different network backbones.

Kinetics-400

CitySCENE

Backbones

Pre-trained Dataset

Video Acc

Frame Acc

ResNet50 [7]
ResNet50 [7]

Kinetics
ImageNet

80.32
80.31

87.86
90.86

TSN [28]

70.6

90.8

TSM [13]

74.1

87.9

SlowFast [5]

77.0

89.0

TPN [30]

77.7

87.4

3.3 Experiment Results

ResNet101 [7]

ImageNet

81.38

88.46

ResNeSt50 [31]

ImageNet

82.98

91.14

ResNeSt101 [31]

ImageNet

83.51

91.10

the main reason for this failure. Thus, we adopt several existing
benchmarks to extend the training set.
UCFCrime [25] is a large-scale anomaly detection benchmark,
which contains 1,900 untrimmed surveillance videos with 13 realworld anomalies. Recently, Liu et al. [17] make this dataset trimmed
by annotating the start and end time of anomaly in the long surveillance videos. More importantly, UCFCrime [25] and CitySCENE
have some same anomalies, including accident, stealing, robbery,
shooting, fighting, and explosion. Thus, we extend the training set
with 558 trimmed anomaly samples and 800 normal videos.
Kinetics-400 [11] is one of the largest trimmed video datasets for
action recognition, which contains 306,245 videos with 400 action
classes. To improve the accuracy on the smoking category, we random select 882 smoking videos from Kinetics-400 to further extend
the training set. Interestingly, adding smoking samples does not
bring performance improvement perhaps because the videos from
Kinetics-400 [11] are collected from the web rather than surveillance cameras.
To improve the accuracy on crowd category, we choose two
benchmarks to augment the training set: ShanghaiTech [32] and
UCF-QNRF [9]. ShanghaiTech [32] is established for evaluating the
crowd count task. This dataset is composed of two parts. Part A
contains 482 images that are downloaded from the websites. Part
B includes 716 images which are taken from the busy streets of
metropolitan areas in Shanghai. We randomly select 30 images from
Part A to generate a training sample. We choose 15 images from
Part B as a training sample to construct more training samples since
the images of Part B are from surveillance videos. Thus, we extend
the training set with 62 crowd samples from ShanghaiTech [32].
Similarly, UCF-QNRF [9] is constructed for evaluation of human
density map estimation and localization in dense crowds. This
benchmark contains 1,535 images with high resolution. The authors
of [9] collect this dataset from the web by selecting images captured
in realistic scenarios. We randomly select 30 images from UCFQNRF to generate a training sample. Thus, we extend the training
set with 51 crowd samples from UCF-QNRF [32].
Sur5H [15] is a new benchmark for anomaly detection in surveillance videos. More importantly, Sur5H and CitySCENE have four
same categories: robbery, fighting, accidents, and stealing. Therefore, we select these videos from Sur5H to increase training videos.
According to Table 5, the surveillance video datasets (e.g., Sur5H
and UCFCrime) always bring performance improvement. Introducing website samples even cause the degradation of video classification accuracy. Thus, how to make full use of existing large-scale

First of all, we train some efficient action recognition models on
the CitySCENE. Then, we fine-tune the action recognition models
using different CNN backbones, different training datasets. Next,
we collect more training data from the existing benchmarks. More
specifically, a network is trained to classify the hard category and
normal events.
The effect of different action recognition models. We adopt
some strong action recognition baselines, including 2D-CNNs: TSN
[28], TSM [13] and 3D-CNNs: SlowFast [5] and TPN [30]. We do
not adopt two-stream architecture [23] because the heavy computational cost of optical flow can not meet the time requirement of
this challenge.
On the task of action recognition, 3D-CNNs always achieve
higher accuracy than 2D-CNNs. According to Table 2, we can see
that the accuracy of SlowFast model [5] is 6.4% better than TSN
[28] on Kinetics-400 [11]. However, 3D-CNNs present lower performance than 2D-CNNs on the task of anomaly detection in surveillance videos. Among 2D-CNNs, TSM [13] always obtain higher
accuracy than TSN [28] on the action recognition, but degrade the
performance on the anomaly detection. Insufficient training samples may be the main reason for this interesting phenomenon. In
this case, deep networks with more parameters may be more likely
to result in over-fitting.
The effect of different network backbones. On action recognition, deeper networks always achieve better performance. Based
on TSN [28], we conduct experiments on CitySCENE with four ImageNet pre-trained networks: ResNet50 [7], ResNet101 [7], ResNeSt50
[31], ResNeSt101 [31] and a Kinetics pre-trained ResNet50 [7].
From Table 3, We have another two observation that is inconsistent with action recognition. First, Kinetics pre-trained model
presents lower performance than ImageNet pre-trained models on
anomaly detection. Second, deeper networks do not obtain higher
accuracy on anomaly detection perhaps due to too many parameters. More importantly, we see that ResNeSt [31] achieve better
performance than ResNet [7], perhaps because the split-attention
module in ResNeSt has good generalization ability.
The effect of more training samples. In this section, we first
analyze the accuracy of each category on the CitySCENE validation
set. According to Table 4, the TSN model with ResNeSt101 demonstrates excellent accuracy in both explosion and graffiti categories.
The unique visual information of both classes may lead to this success. In contrast, the performance of shooting, crowd, accident, and
smoking is extremely poor. Insufficient training samples may be
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Table 4: The category accuracy on CitySCENE.
Category

Shoot

Crowd

Carry

Accident

Smoke

Walkingdog

Sweep

Robbery

Fight

Steal

Normal

Graffiti

Explosion

Accuracy

25.0

28.6

42.9

57.1

62.5

66.7

66.7

68.8

86.9

90.0

97.3

97.5

100.0

Table 5: The video accuracy and frame accuracy on CitySCENE using different training sets.
Training Set

Video Acc

Frame Acc

CitySCENE

83.51

91.10

CitySCENE + UCFCrime [25]

84.04

91.51

CitySCENE + UCFCrime [25] + Kinetics-400 [11]

81.91

91.73

CitySCENE + UCFCrime [25] + ShanghaiTech [32] + UCF-QNRF [9]

85.11

91.73

CitySCENE + UCFCrime [25] + ShanghaiTech [32] + UCF-QNRF [9] + Sur5H [15]

84.04

94.04

Table 6: Performance of different methods on CitySCENE
testing set in the general anomaly detection task.
Rank

Team Name

1
2

Table 7: Performance of different methods on CitySCENE
testing set in the specific anomaly detection task.

AUC

Rank

Team Name

MF1

BigFish(Ours)

89.2

MonIIT

87.94

1

SYSU-BAIDU

66.41

2

BigFish(Ours)

3

DeepBlueAI

62.11

86.85

3

GOGOGO

4

52.33

SYSU-BAIDU

86.52

4

MonIIT

45.52

5

UHV

85.37

5

Orange-Control

40.42

website videos is an important problem for anomaly detection in
surveillance videos.
The effect of mining hard category. After training on multiple extra benchmarks, we analyze the accuracy of each category.
We observe that the accuracy of fighting and accident increase.
For general anomaly detection, crowd videos occupy most of the
failure cases that are incorrectly classified as normal events. Thus,
we attempt to improve the accuracy of the hard category. A training
set which only contains normal events and crowd is established
for training binary networks. Next, we fuse the score of this binary network and the previous network as the final prediction. On
the validation set, combining two networks achieve 96.43% on the
frame accuracy from 94.04%. We report our performance on testing
set in Table 6 and Table 7. We can see that our method achieves the
first prize on general anomaly detection and the second prize on
specific anomaly detection.

4

Dense Inverse Search-based (DIS) method [12], can be introduced
to detect anomaly in real-time speed.

5

CONCLUSION

In this work, we propose to utilize transfer learning to leverage
the good results from action recognition for anomaly detection in
surveillance videos. More specially, we explore the training samples, temporal modules for action recognition, networks backbones.
Then we draw some conclusions. First, more training data from
surveillance videos leads to higher classification accuracy. Second,
stronger temporal modules and deeper networks do not bring performance improvement. Besides, to distinguish this hard example
from normal activities, we separately train a neural network to
classify the hard category and normal events. Finally, we present
our future work to inspire more works on anomaly detection.

FUTURE WORK
6

In this section, we point out our future work for anomaly detection.
We plan to utilize more input modalities to capture the pattern of
abnormal activities. We only adopt the RGB frames as input in this
work. On action recognition, two-stream networks always achieve
higher accuracy than networks only adopt RGB frames. We support
that fusing optical flow and RGB frames can bring performance
improvement on anomaly detection. More importantly, some fast
optical flow algorithms with very low time complexity, such as
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