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Abstract. Video anomaly detection is one of the most attractive problem in
various fields likes computer vision. In this paper, we propose a VAD classifier
modeling method that learns in a supervised learning manner. The basic idea is
to solve the problem of labeled data shortage through transfer learning. The key
idea is to create an underlying model of transfer learning through the GAN of
discriminator. We solved this problem by proposing a GAN model consisting of
a generator that generates video sequences and a discriminator that follows
LRCN structure. As a result of the experiment, The VAD classifier learned
through GAN-based transfer learning obtained higher accuracy and recall than
the pure LRCN classifier and other machine learning methods. Additionally, we
demonstrated that the generator be able to stably generate the image similar to
the actual data as the learning progressed. To the best of our knowledge, this
paper is the first case to solve the VAD problem using the GAN model and the
supervised learning manner.
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1 Introduction

Due to the widespread usage of surveillance cameras and the limitations of surveillance
system through manpower, the need for an automatic video surveillance system is
rapidly emerging [1]. A fundamental challenge of autonomous video surveillance
systems is to automatically detect anomaly, defined as unusual, uncommon or irregular
event, in complex and crowded scenes [2, 3]. This issue is one of the major issues in the
field of computer vision and various researchers have been working to solve the
problem [4–7].

The methods for solving the Video Anomaly Detection (VAD) problems should be
able to extract spatial-temporal features and to classify anomaly through features. Deep
Neural Network (DNN) is a one of the key technologies for modeling these methods.
Especially, models combining the Convolutional Neural Network (CNN), which can
extract spatial information well and the Long Short-Term Memory (LSTM), which can
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learn temporal information well, are making notable achievements in the domains using
video [8, 9].

The deep VAD classifiers have been modeled almost in an absolutely unsupervised
learning manner [10–12]. The reasons why unsupervised based approaches are pre-
ferred are: first, it is difficult to collect sufficient amounts of labeled anomaly data
required to learn the internal variance of anomalies and second, anomalies that are not
included in the training data may occur. However, labeled data is very valuable and
important information that can guide the learning direction of the classifier. Therefore,
when there is even a little bit of labeled abnormal data, it is hard to think that the
unsupervised based approaches which does not consider any labeled data are the best
way to solve the problem. Even semi-supervised learning-based approaches in VAD
problem exclude consideration of labeled abnormal data. These approaches are only
interested in configuring a training set with normal data [6]. In this context, research on
supervised learning-based methods is important in terms of using existing data as
efficiently as possible.

In order to solve this problem with the supervised learning approach, we must solve
the two problems of the labeled data mentioned above. Among the two, this study
suggests a way to overcome the lack of labeled data. Transfer learning is the key to
solving the problem of small amount of labeled data. It transfers core parts of other
model learned with vast amounts of data to the target model. The target model, which
has been transferred, just fine-tuned with a small amount of data [13]. But, how to get
an enormous amount of labeled dataset? Our approach to dealing with this issue is to
use Generative Adversarial Network (GAN) [14]. GAN, which has been evaluated as
the most innovative deep-running model in recent years, is a key to generate and learn
various kinds of normal and abnormal data. The discriminator of GAN is learned
through actual data and extensive fake data. The main idea of this study is to transfer
the learned parts of the discriminator to the VAD classifier.

In this paper, we propose a method to generate a deep VAD classifier that learns in
a supervised learning manner with small amount of labeled data through transfer
learning. The proposed method uses GAN which uses Long-term Recurrent Convo-
lutional Network (LRCN) [8] as discriminator. The procedure of the proposed method
has two phases. First, learns GAN with existing dataset. Second, transfers the feature
extractor of the discriminator to the VAD classifier. Finally, fine-tunes the classifier
with the labeled dataset. Since the variance of the data generated by the GAN is large,
the feature extractor has the effect of learning through a large dataset with various
classes of normal or abnormal data. The main contributions of this paper are sum-
marized as follows.

• Proposed the method of generating deep VAD classifier in a supervised learning
manner that can learn with a small amount of labeled data.

• Proposed a transfer learning method using GAN in VAD domain.

The rest of this paper is organized as follows. The related works for VAD problem
and some guides of transfer learning are introduced in Sect. 2. The proposed model is
introduced in Sect. 3. Section 4 presents the experiments and performance comparison
with other machine learning methods. We conclude this paper with remarks on future
work in Sect. 5.
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2 Related Work

2.1 Previous Works of Image or Video Anomaly Detection

This section briefly introduces various previous studies for comparison with the pro-
posed method. To illustrate the motivation of the proposed method, we introduce some
previous studies that use image data as domain. As mentioned in the previous section,
methods based on unsupervised learning or semi-supervised are dominant.

From the late 2000s until the early 2010s, methods of directly embedding infor-
mation of objects existing in images have been attempted. For example, [15] proposed
a social force model that detects anomaly by embedding the correlation between
objects in a bag of word method. [16] proposed a method to detect anomaly in real time
by embedding data between steps through dynamic sparse coding method.

In the mid-2010s, studies combining RNN and feature extraction methods have
been actively conducted. [17] and [18] proposed models combining recurrent model
and existing direct feature embedding methods. [17] proposed Social-LSTM that
combines social force model and LSTM. And [18] proposed a model that combines the
sparse coding method with the stacked RNN. [19] and [8] proposed models combining
LSTM and convolutional layer. [19] proposed the Convolutional-LSTM in which the
input and output of the LSTM were changed to three dimensions and the vector
operation between them was changed to a convolution operation. [8] proposed an
LRCN that uses an image sequence, which passes through its own convolutional layer,
as a sequential input of the LSTM. This method is intuitively easy to understand and
has achieved state-of-the-are performance at the proposed moment.

In addition, [20] and [21] proposed an anomaly detection method using GAN,
which was motivated by our research. However, they processed only image data and
were unsupervised learning-based approaches. On the other hand, the proposed method
is a supervised learning based approach that can perform anomaly detection on video
data using LRCN as discriminator and using transfer learning. Table 1 summarizes the
related studies that have been introduced.

Table 1. Related works on video or image anomaly detection

Category Author Year Method

Direct feature embedding R. Mehran 2009 Social force model
B. Zhao 2011 Dynamic sparse coding

RNN + Direct feature embedding A. Alahi 2016 Social-LSTM
W. Luo 2017 TSC

LSTM + Convolutional layer J. Donahue 2015 LRCN
J. R. Medel 2016 ConvLSTM

GAN T. Schlegl 2017 AnoGAN
H. Zenati 2018 BiGAN
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2.2 Transfer Learning

Transfer Learning is a way to accelerate learning speed of model (that is, the model can
be learned with a small amount of learning data) and it improve predictive performance
of new model by using existing well-formed models. In particular, this technique is
more appropriate as the origin data are similar to the new training data which we have.
[22] guides the transfer learning method of the DNN model consisting of the feature
extractor and the classifier, such as ConvNet, for the four major scenarios as shown in
Table 2. The discriminator of GAN is good underlying model of transition learning for
VAD classifier. Because, it is a well-formed model using rich fake data which gen-
erated from generator and some real data. Even the datasets used for learning dis-
criminators and VAD classifiers are very similar. Since the amount of labeled data in
the VAD problem is generally small, we fine-tune the VAD classifier according to the
left-most scenario in Table 2.

3 The Proposed Method

3.1 Overview of the Proposed Model Structure

This paper proposes a classification model on video anomaly detection problem that
learn with supervised learning manner. The overall structure of the proposed model is
shown on Fig. 1. The proposed method consists of two learning phases. In the first
phase, the constructor and the discriminator of the GAN are trained. The real data block
consists of a part of the whole video data, and the generator also outputs a partial video
of the same length as the real data block. The second is the transfer learning phase. In
this step, only the feature extractor of discriminator is transferred to the our VAD
classifier. Note that discriminator and classifier use very similar datasets, but the
purpose of both classification models is obviously different. After classifier receives the
feature extractor, the classifier is fine-tuned in a supervised learning manner through
cross entropy loss. After all phases are completed, the performance of classifier is
verified using the test dataset.

3.2 Generative Adversarial Network for Video Generation

This section describes the structure of the GAN model used in this paper. In this study,
we divide a dataset into several 3-dimensional blocks using windowing method and

Table 2. A guide to transition learning methods for four major scenarios

Category Text Scenarios

Checkup Is there a lot of new training data? X O X O
Is the new data similar to the existing data? O O X X

Diagnosis Learn only the classifier +++ – + –

Learn the classifier and some other layers. – – ++ –

Learn full-network – +++ – ++
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define each block as a data x. The constructor G was designed based on the method
presented in [22]. G receives randomly sampled noise vector z along the normal
distribution. Next, through one fully connected layer and up-sampling layer, z is
amplified to the same size as the real data block except for the number of filters. The
amplified block is adjusted so that the number of filters is equal to the real data block
through the two of convolutional layer. In addition, batch normalization was applied to
all layers except the last convolution layer. As a result, the constructor creates a fake
image sequence x̂ ¼ G zð Þ. Table 3 shows the generator architecture used in this paper.
The applied window size is 10.

The discriminator D receives the real image sequences x and x̂ as input, and is
learned to determine whether the input is actual data or fake data. The objective
function VðD;GÞ of the GAN is given by Eq. 1.

Fig. 1. Proposed model structure

Table 3. The proposed generator architecture

Layer Output Kerner size Filters Pad Activation

Dense 1092000 – – – ReLu
UpSampling 200 � 120 � 182 2 � 2 � 1 200 – –

Conv2D 100 � 120 � 182 3 � 3 � 1 100 Same ReLu
Conv2D 50 � 120 � 182 3 � 3 � 1 50 Same ReLu
Conv2D 10 � 120 � 182 1 � 1 � 1 10 Same Sigmoid
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minG maxD V D;Gð Þ ¼ Ex�Pdata xð Þ logD xð Þ½ � þEz� pz zð Þ log 1� D G zð Þð Þð Þ½ � ð1Þ

Where D(x) represents the probability of classifying x as the real data and p rep-
resents the probability that the sample is to be obtained. That is, G is learned so that
D do not distinguish data generated by itself, and D is learned so that real data can be
accurately distinguished from fake data.

The discriminator D extracts the spatial features of each image sequence block by
placing a three convolution-pooling layer. The Eq. 2 defines value ci obtained by
convolving from i0th pixels to iþMð Þ0th pixels by j0th filter in each layer.

c ji ¼ r bj þ
XM

m¼1
wj
mx

j
iþm�1

� �
ð2Þ

Where r is the activation function, b is the bias term, and w represents the kernel
value. And the Eq. 3 shows the operation of a pooling layer. Where r is a pooling size.
As shown in Eq. 3, We get the abstracted data block _x ji through the max polling
operation. The max pooling is a type of pooling that selects the largest number in the
subarea. It is generally known to perform better than average pooling or L2-norm
pooling methods.

_x ji ¼ maxr2R c
j
iþ r ð3Þ

Next, spatial-temporal features of the image sequence block are extracted using the
features of each image obtained by three convolution-polling layers as an input to the
LSTM layer. In the LSTM, we use memory cells rather than simple recurrent units to
store and output temporal features of image sequence data. It makes network to easily
understand the relationship of image sequence of large time scale.

it ¼ r W _xi _xt þWhiht�1 þWci � ct�1 þ bið Þ ð4Þ

ft ¼ r W _xf _xt þWhf ht�1 þWcf � ct�1 þ bf
� � ð5Þ

ct ¼ ft � ct�1 þ it � tanh W _xc _xt þWhcht�1 þ bcð Þ ð6Þ

The Eq. 4–6 use notation it; ft, and ot, which represent input gate, forget gate and
cell state at time step t, respectively. The notation ∘ denotes elemental-wise product.
The Eqs. 7 and 8 use notation ot and ht, which represent output gate and hidden value,
respectively (Table 4).

ot ¼ r W _xo _xt þWhoht�1 þWco � ct þ boð Þ ð7Þ

ht ¼ ot � tanh ctð Þ ð8Þ

Finally, we connect two fully connected layers to the network that receive the
output value of the LSTM layer as input. These fully connected layers play the role of a
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classifier to discriminate whether the features of the image sequence extracted from the
previous layers are real data or fake data.

Since the proposed neural network is deep, Rectified Linear unit(ReLu) is used as
an activation function of all convolutions and fully connected layers. And a 50%
dropout layer is placed between the LSTM layer and the fully connected layers to
prevent overfitting. Table 3 shows the LRCN discriminator architecture used in this
paper. Where notation TD represents the time distributed rapper. The architecture of
proposed VAD classifier is same.

4 Experimental Result

4.1 UCSD-Pedestrian1 Dataset

In this paper, we used UCSD-pedestrian1 dataset for experiments [23]. This dataset is a
collection of surveillance camera image sequence data recording sidewalk. The ordi-
nary pedestrians are classified as normal event and five types of abnormal events -biker,
skateboarder, person in wheelchair, car, and people who do not walk along the road-
are classified as anomaly. The dataset consists of 70 videos where each of the length is
200 frames, of which 34 images contain anomaly. Also, only 29% of the total frames
are labeled as anomaly. This means that the data imbalance problem is quite severe.
Therefore, in order to solve the data imbalance problem, we preprocessed data through
sliding window method and under sampling method [24]. For the same purpose, data
blocks with anomaly frame equal to or more than half of the window size are labeled as
anomaly. As a result of preprocessing, 3885 anomaly data blocks were generated, and
through under-sampling process a total of 7770 data blocks were defined as datasets to
be used in the experiment. Additionally, due to limitations in learning speed and
memory storage capacity, we adjust the size of each image to 182 � 120 (Fig. 2).

Table 4. The proposed discriminator archtature

Layer Output Kerner size Filters Pad Activation

TD (Conv2D) 10 � 114 � 176 � 16 7 � 7 � 1 16 Valid ReLu
TD (Pooling) 10 � 57 � 88 � 16 2 � 2 � 1 – – –

TD (Conv2D) 10 � 53 � 84 � 16 5 � 5 � 1 16 Valid ReLu
TD (Pooling) 10 � 26 � 42 � 16 2 � 2 � 1 – – –

TD (Conv2D) 10 � 24 � 40 � 16 3 � 3 � 1 16 valid ReLu
TD (Pooling) 10 � 12 � 20 � 16 2 � 2 � 1 – – –

Dropout (50%) – – – – –

LSTM 1024 – – – –

Dropout (50%) – – – – –

Dense 256 – – – ReLu
Dense 2 – – – Softmax
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4.2 Results and Analysis

To demonstrate the usefulness of the proposed method, we conducted a 10-fold cross
validation experiment with other machine learning methods. Since the number of
features is still extremely large in other machine learning algorithms that do not use the
convolution network, we reduced the size of each input image sequence to 90 � 60
size. Network architecture of LRCN and Proposed are same. Experimental results show
that the existing machine learning methods have a performance that is not significantly
different from that of random selection, whereas the proposed method with LRCN has
more than 80% accuracy. However, the proposed method has more robust learning
performance than the existing LRCN method because it has higher average accuracy
and less variance.

Additionally, we compare and analyze additional indicators for existing LRCN
methods and proposed methods. Additional indicators used in this experiment are
recall, precision, and F1 score. The most important indicator of additional indicators is
recall. This is because it means that model can react with the highest probability to an
actual anomaly situation. Equation 9 is an equation for recall. TP means true positive
and FP means false positive.

recall ¼ TP
TPþFP

ð9Þ

Table 5 shows the result of the comparison. Experimental results show that recall
of the proposed method is 1.7% higher. Precision was also slightly higher than the
conventional method. This means that there is a lower probability that an alarm will

Fig. 2. Comparison of accuracy by 10-fold cross validation

Table 5. Comparison of LRCN model and proposed model

Method Recall Precision Accuracy F1-score

LRCN 0.95343 0.78647 0.84645 0.86111
GAN+LRCN 0.96963 0.78890 0.85502 0.86992
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sound wrong in a normal situation. Accuracy, the most intuitive indicator, also rose by
about 1%.

Finally, we verify the similarity between real and fake image sequences to show
that the GAN can actually create a fake image sequence similar to a real image
sequence. In this experiment, we compare the cosine similarity and L2-norm distance
between real and fake data according to learning progress of GAN model. Experiments
were performed by randomly sampling 30 fake image sequences and real image
sequences at each step and averaging the similarities of one-to-one comparison. Fig-
ure 3 shows the result of similarity experiment. As learning continues, the cosine
similarity increases and the L2-norm distance decreases. Also, convergence appeared
after about 3000 steps. This means that the GAN generator stably generates fake data
similar to real data. Figure 4 indicates that one of the image sequences generated by the
GAN is compared with the actual data. It can be seen that the generated data (right)
well describes the overall characteristics of the real data (left).

Fig. 3. Comparison of similarity between real and fake image sequences

Fig. 4. Real data (left) and fake data (right)
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5 Conclusion and Future Work

This paper proposes the VAD classifier modeling method in a supervised learning
manner that can learn only with a small amount of labeled data. The basic idea is to
overcome the lack of labeled data through transfer learning and to make the underlying
model by learning GAN using LRCN as discriminator. As a result of comparison with
existing machine learning methods of supervised learning manner through 10-fold
cross validation, the proposed method showed the best performance.

However, robustness to unseen data is still not resolved. In order to determine the
severity of the problem, we conducted the experiment according to the following steps.
First, exclude one of the 5 types of anomaly in the USCD-ped1 from the training set.
Second, check the classification performance of unseen anomaly of the learned model.
As a result, only three anomaly types showed more than 50% accuracy. Even in all
experiments, the model had an accuracy of less than 60%. Therefore, we will study a
model that can classify unseen image sequences well in VAD problems with super-
vised learning manner.
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