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Figure 1: The flow diagram of the proposed motion-attentive network

ABSTRACT
Recently, numerous studies have utilized deep-learning-based ap-
proaches to detect anomalies in surveillance cameras. However,
while several of these studies used motion features to detect ab-
normal situations, detection problems can arise due to the sparse
information and irregular patterns in certain abnormal situations.
We propose a means of preserving motion patterns in abnormal
situations through a network called MA-Net, which solves represen-
tation problems caused by a loss of sparse information and irregular
patterns. We show through experiments that the proposed method
is superior to state-of-the-art methods.
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1 INTRODUCTION
Surveillance cameras are used to detect abnormal situations though
such detections are labor-intensive tasks. On the other hand, we
can also consider such tasks as an anomaly detection problem,
referring to the process of automatically identifying unexpected
patterns from surveillance video. Existing approaches to detect
abnormal situations use hand-crafted features [Hasan et al. 2016;
Lu et al. 2013] or deep-learned features [Sultani et al. 2018; Zhu
and Newsam 2019]. Hand-crafted feature-based approaches [Hasan
et al. 2016; Lu et al. 2013] statistically extract appearance and mo-
tion patterns representing normal and abnormal situations from
video frames and then classify abnormal situations through a deep-
learning network. However, with hand-crafted features, it is difficult
to detect abnormal situations, which typically present irregular pat-
terns, even if they are of the same type. Deep-learned feature-based
approaches [Sultani et al. 2018; Zhu and Newsam 2019] robustly
classify abnormal situations by extracting spatiotemporal repre-
sentations from irregular motion patterns using a deep learning
network. Although the anomaly detection performance has dramat-
ically improved with deep-learned feature-based approaches, it still
requires further improvement. In particular, during the extraction
of deep-learned features, relatively sparse information, which can
be meaningful information to determine an abnormal situation, is
lost. That is, a typical motion pattern for an abnormal situation
may not always represent an abnormal situation, which leads to an
abnormal detection failure.

To address this issue, we propose a motion-attentive network
calledMA-Net (see Figure 1). MA-Net learns enhanced deep-learned
features that preserve significant portion of motion information re-
lated to abnormal situations in video frames. These enhanced deep-
learned features solve the problem of failing to detect anomalies due
to the loss of sparse information. We show through experiments
that MA-Net outperforms state-of-the-art methods.
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2 PROPOSED METHOD
First, we generate positive (abnormal) and negative (normal) bags
containing video frames, and there is only video level label (see
Figure 1). Next, we extract the optical flow using PWC-Fusion [Ren
et al. 2019], which consists of motion representations for the video
frames included in each bag. Subsequently, the optical flow for each
bag is used as the input of the motion-attentive network.

The motion-attentive network extracts enhanced deep-learned
features without a loss of meaningful information by preserving
the attentive motion information, which helps to detect abnormal
situations. To do this, we use feature pyramid network (FPN) [Lin
et al. 2017], which combines feature maps of multiple scales ex-
tracted through convolution, as the backbone of this network. We
configure the bottom-up pathway and top-down pathway of FPN
with eight convolutional layers. Hence, it extracts a feature map for
each convolution. We extract the feature maps of the compressed
optical flow for each scale in the bottom-up pathway. Here, the
most representative motion information of the video frame appears
in the lower layer, and feature maps extracted for each scale are
temporarily stored in the residual block and merged in the top-
down pathway. In the top-down pathway, the network sequentially
combines feature maps extracted from the bottom-up pathway. At
this stage, the sparse information lost through convolution in the
bottom-up pathway is restored. Thus, the final extracted features
preserve the attentive motion information, which are our enhanced
deep-learned features.

The autoencoder learns spatiotemporal representations from the
enhanced deep-learned features extracted from motion-attentive
networks. Here, spatiotemporal representations characterize pat-
terns in which changes of the attentive motion information occur.
Here, the input of the autoencoder is the enhanced deep-learned
features corresponding to 16 continuous frames. Lastly, we adapt
multiple-instance learning (MIL) [Sultani et al. 2018], which trains
the autoencoder to undertake binary classification of abnormal situ-
ations in a weakly supervised manner. This allows the autoencoder
to detect abnormal situations on a frame-by-frame basis.

3 EXPERIMENTS RESULTS
We use a large-scale real-world anomaly detection benchmark of
the UCF Crime dataset [Sultani et al. 2018] to evaluate the proposed
MA-Net. This dataset consists of a total of 1900 actual surveil-
lance videos, with 950 containing 13 abnormal classes, including
accidents, fights, shoplifting, thefts, and explosions. We use 1600
surveillance videos as the training dataset and the rest as the testing
dataset. We measure the anomaly detection accuracy with the AUC
(area under the curve) and compare MA-Net with state-of-the-arts
approaches [Hasan et al. 2016; Lu et al. 2013; Sultani et al. 2018;
Zhu and Newsam 2019]. Figure 2 is an example of visualizing the
results of detecting two abnormal situations: abuse and car accident.
From the Figure 2, we can observe that when using state-of-the-
art [Sultani et al. 2018], anomaly detection fails when the sparse
information representing an abnormal situation is lost. In contrast,
MA-Net successfully detects abnormal situations by preserving at-
tentive motion information and improving the AUC by more than
4% compared to deep-learned feature-based approaches [Sultani
et al. 2018; Zhu and Newsam 2019], as shown in Table 1.

Figure 2: Visual examples of prediction results

Table 1: Performance comparison on the UCF Crime dataset

Model AUC(%)
[Hasan et al. 2016] 50.6
[Lu et al. 2013] 65.5

[Sultani et al. 2018] 75.4
[Sultani et al. 2018] + [Zhu and Newsam 2019] 79.0

MA-Net (Ours) 83.1

4 CONCLUSION
In this paper, we proposed the MA-Net for detecting abnormal
situations in surveillance video. The proposed MA-Net can detect
abnormal situations based on enhanced deep-learned features by
preserving sparse information. We evaluated the performance of
MA-Net using the UCF Crime dataset, finding that the anomaly
detection accuracy was significantly improved compared to exist-
ing state-of-the-art methods. This result is expected to be widely
applied in the field of automated surveillance.
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