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Abstract: As society develops, the demand for security is rapidly increasing. Accordingly, there is growing 
interest in research on methods to detect and prevent abnormal behavior using surveillance cameras in public 
places and private spaces such as shopping malls and airports for human safety. Many detection techniques 
based on deep learning models have been researched in the field of abnormal behavior detection. However, 
due to the lack of labeled abnormal behavior data, there are significant difficulties in developing an effective 
detection system. This paper surveys methods for deep learning methods to detect abnormal human behavior 
in surveillance video and presents recent techniques. First, I will introduce popular datasets that have often 
been used in previous research. After that, we categorized the existing methods for detecting abnormal 
behavior using deep learning into three types: supervised learning, unsupervised learning, and partially-
supervised learning. We then explained the basic concepts and advantages of each method and summarized 
their shortcomings. We also briefly describe future research directions based on the advantages and 
disadvantages of each method. Based on this, it is expected that the technology of video surveillance systems 
that apply abnormal behavior detection will further develop. 
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1. Introduction 

As the need for security increases today, surveillance cameras are proliferating in public and private places 
such as shopping malls, airports, streets, and train stations. Surveillance cameras are used to monitor daily 
activities and detect abnormal behaviors in progress, such as road accidents, assaults, pedestrian fights, 
robberies and traffic congestion. These tasks play an important role in crime prevention and counter-terrorism. 
However, this process requires constant human attention, and it is a monotonous and tedious task that requires 
continuous observation. In addition, surveillance systems generate a lot of redundant video data, and it also 
takes a lot of time to manually analyze and process the large amount of stored images. Therefore, an automated 
system that can recognize abnormal and suspicious behaviors in stored images and alert the user is needed. A 
system that automatically analyzes, processes, and detects abnormal phenomena in images acquired from 
surveillance cameras is called an abnormal behavior detection system. 

Anomalies can be defined as events that deviate from normal behavior [1], and anomaly detection is one 
of the most popular and widely studied topics in the fields of computer vision and machine learning. Human 
anomalies, or abnormal human behavior detection includes identifying abnormal behaviors or situation 
conversion of a subject, and behaviors that diverge from the norm are considered abnormal [2]. In surveillance 
cameras, these behaviors are analyzed by analyzing images from fixed cameras [3, 4]. Therefore, the recognition 
of abnormal human behavior is based on behavior recognition method. Traditional behavior recognition 
methods extract features only at important characteristic points where behaviors frequently occur. Behavior 
recognition is achieved by extracting specific vectors and applying them to various pattern classifiers for action 
recognition. However, these existing methods only recognize behavior based on predetermined features and 
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struggle to cope with various changes in objects or actions, resulting in decreased accuracy. Recently, there has 
been active research aimed at solving action recognition methods using deep learning algorithms based on 
artificial neural networks. 

Deep learning techniques for detecting abnormal human behavior can be classified into three types 
according to learning methods: supervised learning, unsupervised learning, and partially supervised learning 
[5]. Supervised learning is an approach where the model learns normal behavior patterns from the inputs during 
the training step [6]. Then, this model detects abnormal behavior by identifying deviations from the learned 
patterns or by comparing new data with the identified normal behavior clusters. Unsupervised learning is a 
method of training models using unlabeled data, and because there are no correct labels for the input data, the 
model learns the patterns in the dataset by itself. This method is reconstruction-based unsupervised learning [7] 
and generative-based [8]. Partially supervised learning is a algothm of learning using a partially labeled dataset, 
and can be classified into weakly supervised learning and semi-supervised learning [9]. Deep learning methods 
for detecting abnormal behavior require a lot of data, and their performance is poor when there is little data. 
However, in the dataset for training deep learning models, there is an imbalance in the data because there is less 
abnormal behavior data compared to normal behavior data. Semi-supervised learning can use labeled data to 
create a model, and then classify unlabeled data with that model to generate labels. Unsupervised learning can 
detect anomalies even without labeled data. Therefore, semi-supervised learning and unsupervised learning are 
used as alternatives to solve the problem of insufficient abnormal behavior data in the field of anomaly detection [10]. 

In this paper, we survey the recent deep learning techniques applied to the automation of abnormal 
behavior detection in surveillance cameras. We review the research results on supervised, unsupervised, and 
partially supervised learning, and also survey popular open datasets used to train models. We compare the 
performances of the three methods and discuss their advantage and disadvantage. We also examine open 
research problems in the field of abnormal human behavior detection in surveillance cameras. 

The structure of this paper is as follows. Chapter 2 introduces research related to abnormal behavior 
detection, and Chapter 3 examines the datasets used for abnormal behavior detection. Chapter 4 examines 
research on applying deep learning techniques to abnormal behavior detection by classifying them into three 
training types: supervised learning, unsupervised learning, and partially supervised learning, and compares and 
analyzes each method. Chapter 5 examines future research directions, and Chapter 6 summarizes the contents 
of this paper and concludes. 

2. Datasets 

Several datasets were used to benchmark various research methods for abnormal human behavior 
recognition. Figure 1 shows samples of each dataset. 

Figure 1. Samples of abnormal behaviors in each data set in Table 1: (a) Ped1; (b) Ped2; (c) ShanghaiTech; (d) 
UCF-Crime; (e) UMN; (f) Subway; (g) Avenue 

The UCSD dataset [11] consists of 70 video acquired from above to monitor pedestrian walkways. This 
dataset consists of two video sets, Ped1 and Ped2, and was created in 2013. The ShanghaiTech (ST) Campus 
dataset [12] was created by ShanghaiTech University in 2017 and consists of 13 scenes. This dataset contains 
a total of 437 videos and 130 abnormal events. The UCF-Crime dataset [13] was consists of 1900 videos 
spanning 128 hours and covers 13 real-world anomalies, including fights, property damage, and robberies. 
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The UMN dataset [14] contains three indoor and outdoor scenes and consists of 11 abnormal events. This 
dataset includes 22 videos. The Subway data set [15] contains 209 frames at the exit and 150 frames at the 
entrance. This dataset contains 19 events. The Avenue dataset [16] was created in 2013. It consists of 16 videos 
for training and 21 videos for testing, with 14 events. 

3. Abnormal human behavior detection 

Human action recognition (HAR) is a fundamental research topic in computer vision and is being used 
usefully in various fields. Especially in environments where public safety is important, it is very important to 
quickly detect abnormal behaviors such as assault or abandonment. For this reason, abnormal behavior detection 
is used in video surveillance to monitor people's behavior and activities for the purpose of ensuring security and 
providing guidance. The problem of abnormal activity recognition in video is very diverse and there is no single 
approach that can solve all problem cases. 

In the video, human action recognition is performed by analyzing spatial and visual information and 
extracting features. Therefore, specific general background knowledge about the video processing domain is 
required. Before applying deep learning techniques to recognize human behavior, features were extracted from 
the image sequence input in the video, and machine learning algorithms were trained based on the extracted 
features to recognize human behavior. In particular, methods such as random forests (RF) [17], Bayesian 
networks [18], Markov models [19], and support vector machines (SVMs) [20] have been used to understand 
and recognize human behavior. This method heavily depends on the extracted features and requires a lot of time 
and resources to process. Additionally, it does not fit well to diverse datasets and performs poorly in real-world 
cases [21]. 

Compared to traditional machine learning methods, deep learning is a learning process that automatically 
acquires representative features that suit a specific purpose by utilizing multiple hidden layers [22]. With the 
recent increase in computing power and available data, deep learning has been recently applied to human 
activity recognition and abnormal human activity detection and has shown good performance in video 
surveillance systems [23]. 

Among deep learning techniques, supervised learning is used by LSTM (long short-term memory), GRU 
(gated recurrent unit) and CNNs (convolutional neural networks) to spatially and temporally analyze abnormal 
human behaviors [24-28]. However, abnormal human behavior detection has the problem that it is difficult to 
detect abnormal human behaviors that were not previously defined in training data due to the lack of data [29] 
and the variety of human behaviors [30]. In addition, abnormal human behaviors may be considered abnormal 
in one situation but normal in another situation [31]. Therefore, models need to be trained effectively to detect 
abnormal human behaviors by considering the diversity behaviors and context dependencies of behaviors with 
limited labeled data. To this end, unsupervised learning and partially supervised learning methods are used to 
learn from unlabeled data by recognizing relationships and patterns. [32, 33]  

Unsupervised learning trains models using unlabeled data that includes both normal and abnormal 
behaviors. Unsupervised learning includes reconstruction-based methods and generative-based methods. The 
reconstruction-based method analyzes only normal data and detects anomalies by checking for low 
reconstruction errors [34]. The generative-based method artificially generates images with learned distribution 
patterns, and the model effectively solves the problem of data insufficiency by distinguishing whether the 
images are real or fake [35, 36]. However, both reconstruction-based and generative-based approaches have 
difficulty identifying specific anomalous behaviors and are sensitive to changes in environment [37]. 

Partially supervised learning utilize both labeled and unlabeled data [38]. Partially supervised learning can 
be divided into semi-supervised learning and weakly supervised learning methods. Semi-supervised learning is 
a method that maximizes the use of non-labeled data by using labeled data as anchors [39, 40]. Weakly 
supervised learning is a method that prioritizes max model output with minimum reference labeled data [41, 42]. 

There have been several previous studies investigating abnormal human activity detection systems. 
Reference [43] focused on manual and deep approaches for various types of 2D and 3D data. Reference [44] 
detailed various techniques for single-scene video anomaly detection. Reference [45] reviews frame-based 
detection methods for edge computing-based abnormal behavior in video surveillance. Reference [32] 
investigates video surveillance systems for smart city applications, but the description of the methods used in 
unsupervised learning is insufficient. Reference [31] investigates vision-based human behavior recognition and 
describe widely used datasets. Reference [6] describes the problem of solving machine learning techniques for 
video surveillance systems and classify them into three categories: supervised learning, partially supervised 
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learning, and unsupervised learning. However, their study did not focus on image-based detection. Additionally, 
previous research barely covers the studies published in 2023 and 2024. There is also a need for a discussion of 
the challenges and future applications of abnormal human behavior methods. 

4. Deep learning-based abnormal behavior detection method 

Deep learning can automatically learn and extract representative features of spatial and temporal 
information existing in image sequences. These deep learning techniques can be applied to human behavior 
recognition and abnormal human behavior detection to automate video surveillance systems. Deep learning 
techniques can be classified into supervised learning methods, unsupervised learning methods, and semi-
supervised learning methods depending on the learning type and application field of the model that detects 
abnormal signs. 

4.1 Supervised Learning 

This method provides labeled data as input to the model and consists of a feature extraction part and a 
classification network. The deep learning network learns to obtain the desired output by repeatedly updating 
each parameter through the backpropagation method. The supervised learning trains the model to generate 
accurate detection output based on the input data, and therefore, most studies using the supervised learning use 
accuracy as the basic metric for evaluating model performance. Typically, the model uses CNN layers to acquire 
local features and integrates them with LSTM, GRU, etc. to learn the temporal relationship between features, 
by analyzing abnormal human behavior in space and time [46-48]. 

Some frameworks also use Kalman Filter, DA-CNN(dual attentional CNN), dual-stream CNN, and Bi-
GRU. These studies utilize various datasets such as WED, UP-Fall, CMU, UR-Fall, MCF, Penn-Fudan, UT-
Interaction, PEL, OpenImages, Hockey Fight, AVA, Ped1, Ped2, YouTube Action, UCF-50, UCF-101, 
VOC2007, Kinetics-600, and HMDB51. Recently, they have been used for specific works such as fall detection 
[49, 50] and detection of questionable activities in ATMs [51]. However, the performance of these methods 
depends on factors such as camera position, image quality, and presence of objects. In fall detection, detection 
performance deteriorates when actions such as crouching or sitting are included. It is also difficult to optimize 
hyper-parameters for optimal results. And while higher computational requirements increase the cost, edge 
devices make it difficult to detect actions, and the model can produce non-zero probabilities for specific task 
classes. Table 1 shows some of the different supervised learning model. 

Table 1. Various Supervised learning models 

Ref. Year Model Datasets Performance 
(AUC) 

Ullah et al.[48] 2021 CNN 
LSTM 

UCF-Crime, UMN, 
Avenue 0.982(UMN) 

Usman et al. 
[52] 2022 CNN,RNN,KNN,Opti

cal Flow 
CHUCK, Avenue,UCSD, 

ShanghaiTech, UR fall 0.968(UCSD) 

Chandrakala 
and Vignesh 

[24] 
2022 Auto-encoder, C-

LSTM 

UCF-Crime, Crowd 
violence, Hockey Fight, 

BEHAVE 
0.98(BEHAVE) 

Michael 
Onyema et al. 

[27] 
2023 CNN 

Hockey Fight,UT-
Interaction, PEL,  

WED, UCSD,, CMU, 
0.996(CMU) 

Hussain et al. 
[47] 2023 Dual-stream CNN HMDB51, UCF-50, 

YouTube Action 0.982(UCF-50) 

Ullah and Munir 
[28] 2023 DA-CNN 

Bi-GRU 
HMDB51, Kinetics-600, 
YouTube Action, UCF 0.985(UCF-50) 

4.2 Unsupervised learning 

Unsupervised learning learn the inherent properties, patterns, and structures of data, such as distance and 
density, without any labels assigned to the data, to distinguish normal data from abnormal data. In the detection 
of abnormal human behavior, this method is particularly meaningful because obtaining labels for various types 
of abnormal behavior is sometimes difficult and inefficient [27], [53-55]. Two popular methods in this method 
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are reconstruction-based and generative-based methods. Table 2 shows some of the unsupervised learning 
models. 

Table 2. Various Unsupervised learning models 

Ref. Year Model Datasets Performance 
(AUC) 

Liu et al. [56] 2022 auto-endcoder  UCSD-Ped2, ShanghaiTech  0.968 

Yan et al. [57] 2023 auto-endcoder  ShanghaiTech, UCF-Crime, 
NTU-RGB+D 0.765 

Slavic et al. [58] 2022 variable 
auto-endcoder Subway , Avenue 0.872 

Wang et al. [59] 2022 variable 
auto-endcoder USCD, Avenue  0.888 

Taghinezhad 
and Yazdi [60] 2023 convolutional 

auto-encoder UCSD, Avenue 0.976 

Yu et al. [36] 2022 Generative-based UCSD, Avenue, Subway, 
UCF-Crime 0.979 

Huang et al. [61] 2023 Generative-based UCSD, ShanghaiTech 
Avenue 0.921 

Li et al. [62] 2023 Generative-based UCSD-Ped2, ShanghaiTech, 
Avenue 0.968 

Reconstruction-based methods train the model using only normal data and model the normal data 
distribution. Abnormal data is assigned a high reconstruction error by the model. If the test image is abnormal 
at the inference stage, the model has difficulty in reconstructing the image. Reconstruction-based detection 
methods include auto-encoder (AE), variational auto-encoder (VAE), and convolutional auto-encoder (CAE). 

An auto-encoder is a neural network that learns input data and attempts to reconstruct a new image based 
on previously learned patterns, while AE consists of two structures: an encoder and a decoder. The goal of this 
model is to minimize the reconstruction error so that the model can reconstruct the image more accurately based 
on the learned data. Figure 2 shows the structure of AE 

Figure 2. Auto-Encoder Structure 

Liu et al. [56] proposed a memory-based connection network for video abnormality detection. 
Autoencoder learn specific features from data and reconstruct them. To learn which images are abnormal, 
memory module scoring is fed into a number of loss functions. In this model, the AUC value for detecting 
abnormal behaviors with a test dataset is 0.968. However, the scoring threshold should be well tuned for each 
environment to distinguish the behavior categories well. 

On the other hand, Yan et al. [57] performed a memory clustering auto-encoder method to detect human 
behavior abnormalities. The auto-encoder is used to reconstruct the input sequence. 

The clustering and scoring system aims to distinguish abnormal human behaviors in videos. The AUC 
metric is well achieved with a value of 0.765. However, there is a problem that the auto-encoder training 
conflicts with the clustering training. 
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Slavic et al. [58] proposed a self-aware module for detecting abnormal behavior in videos. VAE is 
introduced to reduce the dimension of video frames in the latent space. The AUC is 0.872, which is suitable for 
detecting abnormal behaviors. 

Wang et al. [59] used a dual-stream VAE to generate a probability score to distinguish abnormal behaviors. 
However, the AUC score was not as high as when two separate VAEs were used. 

Taghinezhad and Yazdi [60] proposed a novel multi-path network and multi-scale method for abnormal 
human behavior detection based on frame prediction. This study achieved the value of more than 0.976 at AUC 
with the Ped2 dataset. However, further studies on visual similarity, occlusion, and noise are needed to achieve 
improvement in the sophisticated abnormal score. 

Generative-based detection is a method that attempts to generate artificial images that the model has 
learned. Artificial images are generated from the learned distribution patterns, and the similarity between the 
artificial images and the original images is evaluated [63]. The difference between the original image and the 
fake image is used to detect whether there is an abnormal human behavior in the captured frame. This method 
falls under the category of unsupervised learning, as no labels are generated. To apply the generative-based 
detection method, a generative adversarial network [64] is used, the representation of which is shown in Figure 3. 

Figure 3. Generative Adversarial Network Structure 

Yu et al. [36] proposed adversarial event prediction (AEP) to detect event pattern in AHB inputs. The AEP 
method combines reconstruction-based and generative-based detection methods. Since reconstruction-based 
methods have difficulty in handling diverse training data, adversarial networks provide predictions for various 
environmental settings in the dataset. The method uses GANs for predicting past and future frames of the video 
to perform detection completely according to the event sequence. The AUC value of AHB detection reaches 
0.979, which is sufficient to classify unseen AHB frames during the training step. However, AEP does not 
utilize a preprocessing step for background detection, so its performance indicators are slightly lower in various 
scenarios. In addition, the dataset without events and noise also affects the performance score. Recently, Huang 
et al. [61] and Li et al. [62] conducted studies on AHB detection using GAN, and achieved AUC scores higher 
than 0.968 using the Ped2 dataset. However, these studies require a large number of parameters to be calculated. 
This method has a decreasing detection speed as the number of input frames increases and is difficult to set a 
skip interval for motion in the foreground in video anomaly detection. 

4.3 Partially-Supervised learning 

Partially supervised learning can use both labeled and unlabeled data. Partially supervised learning use 
what is learned from labeled data as a reference for the learning and prediction steps with unlabeled data [38]. 
There are two main types for partially supervised learning: semi-supervised and weakly supervised. Table 3 
shows some of the partially supervised learning. 
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Table 3. Partially supervised learning types 

Ref. Year Algorithm Datasets Performance
(AUC) 

Avital et al. [65] 2019 semi-supervised 
learning CIFAR-10, SVHN N/A 

Sikdar and 
Chowdhury [66]  2020 semi-supervised 

learning 
Ped1, Ped2, CUHK, UMN, 

ShanghaiTech 0.921 

Wu et al. [67] 2021 semi-supervised 
learning Ped1, CUHK 0.989 

Wang et al. [68] 2023 wearkly supervised 
learning CF-Crime, ShanghaiTech, 0.94 

Zhang and Xue [69] 2023 wearkly supervised 
learning UCF-Crime, Ped2 0.941 

Shin et al. [70] 2024 wearkly supervised 
learning 

UCF-Crime, ShanghaiTech, 
XD-violence 0.951 

Semi-supervised learning learns the basic features of data using both labeled and unlabeled data [71]. The 
model is first trained with labeled data to learn the basic patterns. Then, unlabeled data is used as input to the 
trained model to obtain prediction values, and virtual labels are created using the prediction values. The model 
is trained again with a combination of labeled data and the created virtual label data to improve generalization 
performance. In this way, semi-supervised learning methods are used to augment label data when label data is 
limited [65]. Sikdar and Chowdhury [66] used a method without adaptive learning for anomaly detection. This 
model detects anomalous behaviors without pre-training and dynamically adjusts some parameters of the model 
during execution. This method achieved a performance of 0.992 in AUC using the UMN dataset. However, 
there is a slight performance lag due to the nature of the sparse dataset and the insufficient construction of local 
descriptors.Wu et al. [67] further improved the performance by using a semi-supervised relearning method. 
This method selectively extracts data from the original test set to create a new training data set. As a result, the 
AUC score on the UCSD Ped1 data set increased from 0.858 to 0.885. However, the performance of the model 
is affected by the performance of the baseline deep model, and sometimes the performance is often poor. Unlike 
the semi-supervised method, the weakly supervised learning method aims to improve the prediction results with 
a small amount of labeled data [65]. The weakly supervised learning model uses labels that are rougher or 
noisier than the label data used in the fully supervised learning model. Weakly supervised learning is used for 
multi-object learning [72], where groups of objects are labeled rather than as individual objects. It is also used 
in techniques such as expectation maximization algorithms to estimate the most likely label and optimize model 
parameters [73]. Regularization and loss function adjustments are used to help the model deal with noise in the 
labels. Recently, methods for detecting AHB using weakly supervised learning have utilized both video data 
[68] and image data [69]. Recent studies have achieved AUC scores of over 0.940 using the ShanghaiTech 
dataset. These studies used temporal features to better distinguish abnormal human behaviors. However, weakly 
supervised learning methods in videos have difficulties such as increased computational resources, limited 
interpretation of results, poor representation of local differences in long videos, and limited detection of 
abnormal behaviors in low-resolution videos. In addition, weakly supervised learning methods in image data 
take a long time to learn and have inaccurate pseudo-label generation. To improve these problems, Ullah et al. 
[74] proposed a dual-stream CNN architecture to detect abnormal behaviors in both surveillance and non-
surveillance environments. Their performance was tested on the Violent Flow and Hockey Fight datasets, and 
they showed performance close to 0.990 in AUC. However, in the case of very complex video sequences, the 
model performance deteriorates due to misprediction. 

4.4 Summary of deep learning methods for abnormal human behavior recognition 

This section briefly summarizes each deep learning technique and explains its advantages and 
disadvantages. 

Using fully supervised learning to train a model to detect abnormal human behavior is suitable when the 
human behavior category to be detected is determined. Detection method of abnormal human behavior using 
CNN is useful for detecting them at the frame level, but it is less effective at detecting long-term abnormal 
behavior that requires a period of time to determine whether it is abnormal. To improve this problem, some 
studies integrate LSTM and GRU to evaluate human behavior temporally. Supervised learning lacks data on 
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abnormal human behavior and consumes consideravble computing resources and time due to the diverse 
characteristics of abnormal human behavior. 

In unsupervised learning, auto-encoder methods are generally used for image dimension reduction in 
reconstruction-based methods. This training process is then used to compute a loss function within the model, 
which is used to detect abnormal human behavior within the input data. This distribution of data makes it 
difficult to implement the model in a heterogeneous environment, and the performance of models using auto-
encoder methods varies depending on the data quality. 

VAE is a method designed to solve the generalization problem that occurs in the data distribution of AE 
methods. In VAE, small object sizes and slightly interrupted pixel locations may occur due to the probabilistic 
calculations across the entire image. VAE methods can be combined with methods such as regularization and 
probabilistic formulation to achieve better performance in detecting abnormal behaviors in heterogeneous 
environments. In a reconstruction-based approach, a convolutional autoencoder (CAE) can be used to maximize 
the detection of each pixel in the image. CAE can distribute weights across all regions of the input image and 
provide generalization functions. With these functions, the model can identify abnormal human behaviors in a 
certain local region. 

Generative-based methods show good performance in recognizing environments that are not seen in the 
training step. These advantages can be utilized to improve the generation module to reduce image noise, 
improve the quality of training images, and reduce the number of detection targets by distinguishing foreground 
and background objects. However, it is necessary to consider whether to focus on the adaptability of the model 
to objects or on reducing computation time and resources. This priority affects the balance between training and 
the generator and discriminator. By understanding the factors that the model considers important, training can 
be performed efficiently, reducing various shortcomings in identifying abnormal human behavior. 

In the partially supervised learning, the semi-supervised learning uses a small amount of labeled data to 
use the unlabeled data as a new reference for subsequent model training. This method can be applied to various 
applications, especially in applying the model to the latest data that reflects the real environment. This algorithm 
can greatly reduce the labeling time, but if the training data used for labeling is noisy, the subsequent processing 
may become a meaningless task.  

Weakly supervised learning focus on training models to generate higher quality information. The key is 
to utilize a small amount of data while generating accurate models. The model learns patterns from sparsely 
labeled data sets, and this leads to generalization of layers and weights. This algorithm has various advantages, 
such as faster detection of video streams and detection of abnormal human behaviors. This method does not 
require a large amount of label data and improves the generalization ability of the model in various scenarios 
of abnormal behaviors. 

5. Future research directions 

The method of recognizing abnormal behavior in camera-based surveillance systems has improved its 
performance with the introduction of deep learning techniques. However, each method has its own set of 
problems to solve. 

Supervised learning require high computational resources. Therefore, it is necessary to make the model 
lightweight. In addition, CNN alone has limitations in detecting long-term abnormal human behavior using 
supervised learning, so further research is needed to improve the detection performance of abnormal behavior 
in the supervised learning domain by combining LSTM and GRU. 

Among unsupervised learning, dealing with the variability of data distribution is an important task for 
reconstruction-based methods because it changes depending on the detection environment of the target object. 
In addition, accurately detecting AHB within a specific time frame is problematic because it is difficult to detect 
within a specific time frame. Therefore, it is necessary to effectively prioritize temporal AHB detection. VAE 
methods face the problem of pixel localization accuracy, so an alternative mechanism is needed to improve the 
accuracy of AHB detection. 

It is very important for generative-based methods to solve problems such as gradient explosion. This 
problem causes rapid transitions in weights during calculation, and especially interferes with the learning 
process because the performance of model is highly dependent on training data. In addition, the generative 
model has a complex structure because the generator and discriminator exist separately. Therefore, research is 
needed on methods to reduce complexity or on the integration of the generator and discriminator. 
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The partial learning may have problems with the accuracy of labels generated automatically or manually. 
This is because it can be used to improve the detection performance of abnormal behavior or as a reference for 
defining labels for new data using limited label data. Therefore, research on how to preprocess anchor data with 
noise is important. 

6. Conclusion 

With the development of society, the need for security in public and private places is also increasing. 
Accordingly, video surveillance systems are being introduced everywhere to detect and predict abnormal human 
behavior to ensure safety. Detecting abnormal human behavior in video surveillance systems is an important 
task, but data sets showing such behavior are insufficient and expensive to collect. In addition, automated 
systems without human intervention are needed. To solve these problems, we investigated and analyzed deep 
learning techniques for detecting abnormal human behavior in video surveillance systems. In this paper, we 
first introduced popular benchmarking data sets used for training of deep learning model. Then, we classified 
training types of deep learning models for detecting abnormal human behaviors into supervised learning, 
unsupervised learning, and partially supervised learning, and briefly explained the concept of each method and 
presented the research results. We also described the advantages and disadvantages of each method. Based on 
this, we discussed several open research issues for AHB detection. It is expected that the presentation of these 
research issues will further develop video surveillance systems in the future. 
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