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ABSTRACT 

Intelligent Transportation Systems (ITS), smart city infrastructures, and large-scale 

surveillance networks have created an ever-increasing amount of traffic video data. Today's 

traffic surveillance systems use a combination of CCTV cameras and roadside monitoring 

devices to monitor traffic continuously, which is inefficient, time-consuming, and unreliable 

for real-time traffic management when monitored manually. Human operators are only 

limited by cognitive fatigue, inconsistent decision-making, and lack of capacity to process 

extended surveillance streams. Rare events in traffic accidents are difficult to identify in 

continuous traffic videos due to a large amount of repetitive information in the video, high 

storage size, and high computational overhead. 

There are several limitations in the current traffic accident detection and traffic video 

summarization methods in terms of scalability, number of computations, and real-time 

suitability. Most of the traditional machine learning and supervised deep learning models 

require large, labelled datasets that are costly and hard to gather in real-world surveillance 

scenarios. Many anomaly detection methods at the frame level are not capable of capturing 

temporal dependency and motion dynamics of complex traffic accidents. Most of the 

existing systems consider accident detection and video summarization as two different 

systems which leads to redundant computation, inefficient use of features, and high 

processing overheads, which is why an integrated unsupervised framework is proposed.  

This research presents a comprehensive deep learning-based event-based video 

summarization solution in traffic surveillance with two unsupervised architectures based on 

reconstruction: Convolutional Variational Autoencoder for Accident Detection and 

Summarization (CVAE-ADS) and a Conv-BiLSTM autoencoder. The CVAE-ADS model 

is implemented as a probabilistic encoder-decoder and learns compact representations of 

normal traffic behaviour and detects anomalies by analysing the reconstruction error. Conv-

BiLSTM Autoencoder model is a combination of Convolutional feature extraction followed 

by Bidirectional LSTM networks and aims to model spatial characteristics and temporal 

dependencies found in traffic video sequences.  Both models are trained only with normal 

traffic scenes and can learn to detect anomalies without any labelled accident data.  
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The proposed framework is based on a sequence of processing stages, including video pre-

processing, frame extraction, reconstruction-based anomaly detection, threshold-based 

classification, and summarization based on events. The surveillance videos are pre-

processed by resizing and normalizing the videos, then input into the CVAE-ADS and Conv-

BiLSTM models. Anomalous traffic events are detected by means of squared error 

reconstruction analysis, and frames that exceed the predefined threshold are sent to the 

summarization module. Images with anomalous frames are clustered together semantically 

using K-Means clustering, and the repetitive images are filtered out using the Structural 

Similarity Index Measure, resulting in concise and semantically meaningful summaries of 

the critical traffic incidents. 

 The proposed framework proves effective with experimental evaluation on the IIT 

Hyderabad (IITH) Road Accident Dataset and the UCF-Crime dataset. The Conv-BiLSTM 

Autoencoder outperformed on both the datasets for accident detection with an accuracy of 

94.0% and 90.0% compared to that of conventional CAE and VAE-based methods. The 

CVAE-ADS framework successfully learned compact latent representations of the normal 

traffic behaviour with accuracies of 92.5% and 88.6%, respectively. The event-based 

summarization component was able to significantly reduce the redundant information within 

the video content (70–85%) while retaining the essential accident-related information.  

The unified framework substantially enhances the computation efficiency, thus playing a 

major role in the smart city and ITS application of intelligent traffic surveillance. In 

summary, the proposed models can effectively and efficiently detect accidents and generate 

video summaries simultaneously and maintain a good compromise between the detection 

accuracy, compression performance, and reconstruction quality. 
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Chapter 1 Introduction 

1. Introduction 

The urbanization and the growing number of vehicles have intensified the difficulties in 

traffic monitoring, traffic management, and traffic safety. Over the last decade, large 

amounts of video surveillance data have been produced, and manual management is 

impractical due to the sheer volume. In addition to the difficulties mentioned, some minor 

but important events like traffic accidents and the extraction of meaningful information from 

continuous video streams are still considered research challenges. 

This research aims to build an intelligent and unified system for traffic accident detection 

and video summarization based on deep learning. The proposed methodology is to combine 

both tasks into one system, which would provide efficient processing of surveillance data 

while avoiding duplication of content and computational load. The research will use 

unsupervised learning models and spatiotemporal feature extraction to improve the accuracy 

of the detection and generate a brief and informative summary to facilitate the decision-

making process for intelligent transportation systems. 

1.1 Traffic Surveillance and Intelligent Transportation Systems 

Expansive urban growth has combined with exponential growth in the number of vehicles 

on the road to make traffic management systems in the world ever more complex. The 

urbanization process has resulted in extensive road networks, heavy traffic volumes, and 

growing demands for efficient modes of transportation. The effectiveness of the proposed 

framework is demonstrated through experimental evaluation on the IIT Hyderabad (IITH) 

Road Accident Dataset and the UCF-Crime dataset. 

In order to solve these issues, a new paradigm, Intelligent Transportation Systems (ITS), 

which integrates communication technologies, sensors, and computation with transportation 

systems, is being adopted as a solution [1]. It integrates hardware and software elements like 

sensors, cameras, communication infrastructure, and data processing systems into one 

system to track, analyse, and control traffic conditions in real-time. The main goals of ITS 

are to optimize traffic flow, minimize congestion, minimize travel time, and increase the 

safety of the road by intelligent decision-making processes. ITS can be used to implement 
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real-time traffic control measures, predictive analysis, and automated incident detection, 

leading to enhanced transportation efficiency. 

The traffic surveillance system is one of the most essential elements of ITS and is used 

extensively to acquire and monitor data. Traffic surveillance systems are a series of cameras 

and sensors that are placed in the urban road network, highway, and intersections and are 

constantly recording traffic activities [2]. Such systems provide enormous visual and sensor 

data, which are used to support traffic analysis, incident detection, and enforcement of traffic 

laws. Surveillance data can also be leveraged to provide vehicle flow monitoring, congestion 

detection, violation detection, and emergency response. Such real-time data has greatly 

improved authorities' ability to make decisions and take immediate action in the event of 

traffic incidents. 

The combination of computer vision and deep learning techniques has reshaped traffic 

surveillance systems from passive data recorders to intelligent analysis systems in recent 

years [3]. The traditional surveillance systems mainly captured video data and then reviewed 

it after the event, where the review process was time consuming and error prone. Thanks to 

the progress of deep learning algorithms, especially CNN, however, it is now possible to 

automatically analyse video data and detect complex patterns and anomalies in real time. 

These systems are able to accurately sense many traffic events, including vehicle detection, 

vehicle classification, vehicle tracking and abnormal behaviour detection. This shift towards 

automating the analysis process has significantly reduced the amount of manual labour and 

improved the efficiency and accuracy of traffic monitoring systems. 

Moreover, new technologies have also enhanced the capabilities of ITS, such as the 

communication network 5G and the concept of edge computing. High-speed data 

transmission with low latency has been achieved by the 5G technology, making it crucial for 

the real-time monitoring of traffic and decision making, which is required for the efficient 

transportation systems of the future [4]. Edge computing, however, enables data to be 

processed at the edge where the data is created, which helps to decrease the need for central 

processing and latency. This is especially crucial for traffic surveillance systems, as accurate 

and efficient recognition of the incident is essential. ITs can be made more efficient to handle 

vast quantities of data, more responsive and scalable with 5G and edge computing. 
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The integration of Internet of Things (IoT) devices and connected vehicle technology have 

significantly enhanced the capabilities of traffic management systems in tandem with 

communication technologies. The IoT frameworks can be used to integrate vehicles, sensors, 

and infrastructure, enabling data exchange and helping to enhance situational awareness [5]. 

Connected vehicles can share information about speed, location and traffic conditions with 

other vehicles and infrastructure in the immediate vicinity, thereby proactively managing 

traffic and preventing accidents. This environment is interconnected, and intelligent systems 

can be created that identifies potential issues and take preventative measures.  

Another significant advancement in traffic surveillance is the emergence of spatiotemporal 

modelling methods which attempt to model traffic scenes, both in space and in time. Spatial 

features are features that are visual, such as the shape of the vehicles, and the structure of the 

roads, while temporal features are features that represent motion patterns and change over 

time. There are many models available to model temporal dependencies in videos, such as 

deep learning models, including recurrent neural networks (RNNs) or long short-term 

memory (LSTM) networks [6]. These models can be used to detect the similarities and 

differences among various traffic patterns, and consequently, they can be more accurate in 

detecting traffic accidents and identifying traffic anomalies, by merging both spatial and 

temporal information. 

Despite these developments, there are still a number of obstacles to the effectiveness of 

traffic surveillance systems. The management of high volumes of video data from 

continuous surveillance systems is one of the difficulties. Such data need large computing 

power for storage, processing and analysis and efficient data management strategies. 

Moreover, detecting rare events such as traffic accidents is a challenging problem as diverse 

environmental conditions, such as weather, lighting conditions and occlusions exist. These 

factors have the potential to impact the performance of detection models and cause false 

alarms or missed detections.  

In conclusion, with the development of other high-tech technologies such as deep learning, 

IoT, 5G and edge computing, the traffic surveillance systems and Intelligent Transportation 

Systems have undergone a tremendous shift. All these advances have contributed to the 

successful monitoring and control of traffic flows, enabling decision making, and enhancing 

road safety. Despite the progress made in data collection and processing, there are still 

significant challenges to address, such as the volume of data, computational complexity, and 
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the need for accurate detection of rare events. Further research and development are required 

to meet these challenges and create intelligent and efficient traffic surveillance solutions. 

Table 1.1 presents a summary of the development of traffic surveillance and accident 

detection methods from a manual monitoring system to advanced deep learning and Spatio-

temporal systems. The table showcases the development of intelligent surveillance 

technologies, their main techniques, pros, cons, and the transition to automated traffic 

analysis systems. 

The overall architecture of an Intelligent Transportation System (ITS), which features the 

co-operation of several components of traffic monitoring and management, is shown in 

Table 1.1: Development of Traffic Surveillance and Accident Detection Methods 

Approach Type Key Technique Used Strengths Limitations 

Traditional 

Surveillance 

Methods 

Manual monitoring and 

rule-based analysis 

Simple implementation 

and low computational 

requirements 

Time-

consuming and 

error-prone 

Machine 

Learning-Based 

Methods [6, 10] 

SVM, Random Forest, 

feature-based 

classification 

Adaptive learning and 

moderate accuracy 

Requires 

handcrafted 

feature 

engineering 

Deep Learning-

Based Methods 

[5, 9, 13] 

CNN, YOLO, Faster R-

CNN, GAN-based 

learning 

High detection accuracy 

and automated feature 

extraction 

Limited 

temporal 

understanding 

Spatio-Temporal 

Models [12,16] 

CNN + LSTM / 

BiLSTM architectures 

Captures temporal 

dependencies and 

motion dynamics 

High 

computational 

complexity 

IoT and Edge-

Based Systems 

[1, 2, 7] 

IoT sensors, connected 

vehicles, edge 

computing 

Real-time processing 

and rapid incident 

response 

Infrastructure 

dependency 

Large-Scale 

Video Analytics 

Systems [8, 21] 

Cross-modal learning 

and large-scale 

surveillance analytics 

Efficient handling of 

massive video streams 

Storage and 

computational 

overhead 

Proposed 

Research 

Direction 

CVAE-ADS and Conv-

BiLSTM Autoencoder 

Framework 

Integrated accident 

detection and 

summarization 

Requires real-

time 

optimization 
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Figure 1.1 Traffic data is gathered in the data acquisition layer, using traffic cameras and 

roadside sensors to collect traffic data from the road networks. They feature cameras, loop 

detectors, as well as environmental monitoring sensors that gather information about 

vehicles, traffic flow, and roads. 

The data that is captured is then sent to the edge processing layer, where a preliminary 

analysis is conducted. By processing video streams in real-time, such as filtering data, 

extracting features, and detecting initial events, Edge computing helps lower latency and 

network bandwidth usage. This layer is very important for the applications that are time-

sensitive, like accident detection. The data is then sent to the cloud or data centre using high-

speed communication networks like 5G or LTE. The cloud layer delivers large-scale storage 

and advanced analytics, from model training and data mining to long-term analytics. It 

allows the system to process large amounts of data efficiently, as well as make intelligent 

decisions. 

The information analysed is then used by the traffic management centre to monitor traffic 

conditions, analyse incidents, and make strategic decisions. Lastly, appropriate actions are 

implemented, such as traffic signal control, emergency warnings, and information 

dissemination, to ensure the safety and efficiency of the roads. The overall structure 

demonstrates the integration of different technologies, reflecting the comprehensive and 

intelligent nature of the traffic management solution. 

1.2 Growth of Video Data and Need for Automation 

With the rapid development of surveillance technology and the proliferation of camera-based 

surveillance systems in today's modern cities, the amount of video data created is growing 

at an unprecedented rate. Smart cities are home to thousands of surveillance cameras that are 

 

Figure 1.1: Architecture of an Intelligent Transportation System integrating data 

acquisition, edge processing, cloud computing, and centralized traffic management 



6 

 

used daily to solve traffic monitoring and safety problems on roads, intersections, highways, 

and public areas. They monitor round the clock and capture video footage of all sorts, 

producing a large amount of data every day. Thus, traffic surveillance systems are one of the 

largest producers of real-time data, which poses significant problems in the area of data 

storage, processing, and analysis [7]. 

Video data volume growth is fuelled by multiple factors, including camera technology 

advancements, high-definition video and ultra-high-definition video, and the proliferation of 

surveillance infrastructure. The modern cameras are able to give detailed visual data at high 

frame rates, meaning that they can offer higher quality surveillance, but also more data. 

Furthermore, the capacity to integrate data from many cameras across large geographic areas 

adds to that, increasing the amount of data that creates more problems for traditional data 

management.  

Manual monitoring is one of the main problems involved with this data deluge. Traditionally, 

traffic surveillance systems depended on humans to monitor the video feeds and detect 

incidents. However, as more and more cameras and video feeds are deployed, manual 

monitoring is becoming impractical and inefficient. Humans can't keep track of events for 

long periods of time and can't maintain attention and avoid fatigue for long periods [8]. The 

more spread-out surveillance systems are, the more likely they are to overlook the event, 

which will result in a delay in response and an increased risk of exacerbating potentially 

critical situations such as traffic accidents.  

An essential issue with manual surveillance is the variability in human decision-making. 

Different operators will see different traffic situations and will have different detection 

accuracy. Moreover, the number of events the operator has to observe and look for accidents 

is small compared to the number of normal traffic events, which means the operator must 

observe a lot of uneventful traffic events and search for a few critical events. This 

disproportionality is another factor that reduces the effectiveness of the manual monitoring 

mechanisms and underscores the importance of automated solutions. 

To overcome these drawbacks, Automated Video Analysis systems have been developed 

using Machine Learning and Deep Learning. The ultimate aim of these systems is to process 

very large volume of video data and to be able to automatically generate useful information 

out of the video without using human intervention. The deep learning-based approach has 
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proved to be highly successful in visual information analysis, automatically learning and 

extracting hierarchical representations from raw data [9]. These can accurately identify 

objects, track vehicle movements, and identify unusual behaviour, improving the 

effectiveness of traffic monitoring systems. 

Along with the deep learning models, cloud-based storage and processing power systems 

have been added to efficiently process the staggering amount of data generated by 

surveillance video. Cloud Computing makes it possible to store the data in a distributed 

manner and to process it in parallel, and then analyse it centrally, so that large-scale data can 

be processed without the need for a large amount of local computing [10]. This infrastructure 

also enables data sharing and remote access among multiple surveillance sites. With the need 

for real-time traffic monitoring and accident detection, though, the popularity of edge 

computing architectures has been rising. By processing data near the data generation, edge 

computing helps to reduce latency, bandwidth usage, and response time. Cloud/Edge 

computing solutions provide scalable and efficient solutions that can be used for intelligent 

traffic surveillance and transportation applications. 

With these developments, however, there are some technical challenges to transition from 

manual to automated surveillance. The processing of high-resolution video streams must be 

done promptly on high performance computers, such as GPUs, and with optimized deep 

learning algorithms. With the growing number of cameras and increasing volume of video 

data, ensuring scalability and real-time performance becomes challenging. Moreover, the 

continuous surveillance systems may also produce a lot of redundant information, with 

redundant frames adding to the overhead of storage and processing without significantly 

adding value. Thus, the use of effective data reduction and event extraction techniques are 

important in improving the system performance. In this context, video summarization 

techniques are relevant since they are able to extract keyframes and important events, 

discarding redundant information and retaining significant traffic information that may be 

analysed and applied in decision making. 

Furthermore, environmental issues such as illumination changes, bad weather and occlusion 

cause another challenge in video analysis. All these variations and different conditions must 

be taken into account, and the automated system must be robust enough to deal with all of 

them and perform the same. A very strong performance level which requires advanced level 

of model design and extensive training. This need for automation in traffic surveillance is 
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thus a consequence of the disadvantages of manual monitoring, the growing amount of video 

data, and the need for real-time and accurate analysis. Automated systems can help to 

increase efficiency and provide scalable solutions to meet the demands of today's complex 

transportation systems. 

As mentioned in the introduction, the manual method of traffic monitoring has its own 

drawbacks, and when compared with the automated method, can be seen in Table 1.2 

comparative performances of these two types of monitoring systems. A manual surveillance 

system is user-limited, has poor scalability, and is prone to inconsistent decision-making, 

fatigue, and attention spans. Automated systems use deep learning and cloud-edge 

computing to constantly monitor and process video data in real time, improve accuracy, and 

facilitate the effective management of video data, especially when dealing with massive 

amounts. The comparison emphasizes the rising need for smart automated surveillance 

solutions in today's traffic management landscape and their role in enhancing road safety.  

Table 1.2: Manual Traffic Surveillance System vs. Automated Traffic  

Surveillance System 

Feature Manual Surveillance Automated Surveillance 

Monitoring Capability Limited by human attention Continuous and scalable [9, 10] 

Accuracy Inconsistent and error-prone 
High accuracy with trained 

models [9] 

Response Time Delayed response 
Real-time or near real-time 

processing [7, 10] 

Scalability Poor scalability 
Highly scalable with cloud-edge 

infrastructure [10] 

Data Processing Manual and slow Automated and fast 

Handling Large Data 
Inefficient for large-scale 

video streams 

Efficient large-scale video 

analytics [7, 10] 

Fatigue Factor 
High human fatigue and 

inconsistency 

No fatigue-related performance 

degradation 
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Cost Efficiency 
High operational and 

manpower cost 

Lower long-term operational 

cost 

Finally, video data has been increasing exponentially in traffic surveillance systems, making 

it difficult to achieve this manually. In this context, automated video analysis systems, 

supported by deep learning, cloud, and edge computing, could provide a potential solution 

to more efficiently manage large quantity of data. But computational complexity, redundant 

data, and real-time processing are important issues that need to be explored. To tackle these 

challenges, it is crucial to design and build intelligent and scalable traffic surveillance 

systems that can significantly contribute to improving road safety and traffic management 

in today's cities. 

1.3 Accident Detection in Traffic Surveillance 

Road traffic collisions are among the most important issues in contemporary transportation 

systems that annually cause millions of deaths, injuries, and economic losses worldwide. As 

the number of vehicles on the road grows, and traffic patterns become increasingly complex, 

along with human error, the occurrence of accidents increases, and road safety is an 

increasing concern to governments and transportation agencies. In this aspect, the capacity 

of good accident detection systems to minimize the impact of an accident through timely 

interventions, improved accident response activities and provision of traffic management 

strategies, is important [11]. An immediate notification of the accident can help to minimise 

response time to recovery operations, reduce the risk of a secondary collision and enhance 

normal traffic flow restoration. 

Traffic monitoring systems are crucial to accident detection: cameras are deployed to stream 

video of traffic on the road and are used to constantly monitor traffic. These systems can 

deliver live visualization of the data, which can then be analysed to detect any abnormal 

incidents or dangers. The manual monitoring is limited and, together with the huge amount 

of video data in current traffic systems, the automatic analysis of the video and recognition 

of scenes of accidents becomes increasingly necessary. The objective of the automated 

accident detection systems is to be able to process these video streams efficiently and find 

unusual patterns that might signal an accident has occurred. 



10 

 

Accident detection is primarily the process of detecting abnormal traffic conditions from 

normal. These deviations can range from sudden crashes and abrupt braking to irregular 

courses and unexpected stops. The rare events are in general rare in terms of the traffic 

volume (when compared to the normal traffic conditions), and they are often detected under 

varying and unpredictable traffic conditions, which makes the detection task difficult [12]. 

The variety of traffic conditions, which includes variation in the roadway structure, type of 

vehicles, light condition, and weather condition, further complicates the problem of 

accurately identifying the accident events. 

The conventional approaches for accident detection relied on rule based and handcrafted 

feature extraction techniques. These systems were based on handcrafted rules and features 

such as motion vectors, object shape, speed threshold etc. that were used to detect anomalies. 

The approaches could perform simple operations but could not be adapted and could not deal 

with complex and changing traffic situations in the real world. They were not performing 

well in the real world and were not easily adapted to the dynamic environments in which 

they would be used and were often found to have low detection accuracy and high false 

alarm rates. 

With recent advancements, the development of DL based techniques has greatly improved 

the effectiveness of accident detection frameworks, enabling efficient feature learning and 

robust pattern recognition. CNNs have been widely used to extract spatial information from 

the frames in the video, such as shape, position, and context, of the vehicles under 

observation [13]. These models can be applied to learn a hierarchical representation of visual 

data, which can help them in identifying complex patterns in the context of accident events. 

Furthermore, deep learning methods do not require much feature engineering, which makes 

them more scalable and flexible to various traffic scenarios. 

Unsupervised learning models have attracted much research interest in the field of accident 

detection among DL based approaches. The models do not need labelled data sets, which are 

challenging and costly to acquire in the real world. In this context, the autoencoder-based 

models are more widely used because they learn to reconstruct normal traffic patterns during 

training. If an abnormal event happens, for example, an accident, because the model cannot 

reconstruct the abnormal input, it will have a higher reconstruction error [14]. This 

reconstruction error is used as an indication to identify anomalies in surveillance videos. 
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Although the models based on autoencoders have some pros, they also have their drawbacks. 

One of the main problems is the lack of the ability to effectively represent temporal 

dependencies between the two consecutive video frames. Motion patterns play an essential 

role in accurate traffic accident detection, as traffic accidents are dynamic events. Temporal 

context may be disregarded by models that are only spatial, resulting in events being 

misclassified or not detected [15].  

To overcome this limitation, a hybrid CNN and RNN (e.g., LSTM) have been proposed. In 

traffic analysis, these models are used in combination with spatiotemporal feature extraction 

and sequence modelling. The hybrid architectures can only capture both spatial and temporal 

information, which can lead to better identification of complex accident scenarios and higher 

detection accuracy [16]. For example, CNN layers extract the visual features of every single 

frame, whereas LSTM layers analyse the temporal evolution of the features over time, and 

the model is able to recognize the patterns related to accidents. 

These models have come a long way with regard to accident detection, but there are still 

several challenges. Some environmental problems, such as lighting, weather, shadows, and 

occlusion, can have a negative impact on the model’s accuracy. For example, during 

nighttime, when the background lighting may be weak or when it is raining, when the visual 

details are not easily discernible from the model, the model is unable to detect anomalies. 

Similarly, there may be other vehicles or objects that block a particular piece of information, 

thus leading to misjudgements. A big problem is also the case of false alarms, in which 

typical situations are judged as being abnormal. High false alarms can lead to a loss of 

confidence in the system's integrity, and they can overwhelm traffic officials.  

Real-time deployment can also be difficult, particularly in large-scale surveillance systems 

with multiple video streams, as the complexity of advanced models can be challenging. 

Furthermore, the traffic conditions will change significantly from one location to another, 

making it difficult to develop a model that is applicable to all these conditions. It is important 

to have strong and flexible models because these models may not work well when deployed 

in a different environment for which they were not created. 

In summary, the detection of moving objects in traffic surveillance systems is a complex but 

vital task for enhancing road safety and traffic control. Despite the success of DL based 

methods in boosting the performance of detection systems, temporal modelling, 
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environmental variations, and computational efficiency remain issues. To address these 

challenges, there is a need for the development of more powerful, and intelligent models 

with the capability to accurately perceive the accident events in real-world scenarios. 

The overall structure of an automated traffic accident detection system using deep learning 

techniques is given in Figure 1.2. The first step is the input video stream, which is the 

continuous video footage from the traffic surveillance cameras. The video is broken down 

into frames here, so that each frame can be analysed individually. 

A feature extraction module, commonly based on CNN, is then used to extract the features 

from the extracted frames, which are then passed to the next module. This module is 

concerned. With identifying spatial elements such as the shape of vehicles, spatial patterns 

of motion, and spatial contexts. These features give valuable data to understand the visual 

properties of traffic scenes. After spatial feature extraction, temporal modelling is done using 

RNN approaches like LSTM and Bidirectional LSTM (BiLSTM). In this stage, the temporal 

dependencies and motion dynamics between the consecutive frames are captured, thus 

enabling the system to analyse the changes in traffic behaviour over time. In particular, the 

temporal modelling is crucial for the detection of dynamic events like collisions and sudden 

motions. 

In the anomaly detection stage, the features derived from the processed traffic are analysed 

to identify normal and abnormal traffic patterns. Once an anomaly is detected, which is 

indicative of a potential accident, the system sends an alert output showing that an accident 

has occurred. The automated pipeline can detect traffic incidents, minimizing response time 

and enhancing the safety of the road. 

 
Figure 1.2: General framework for traffic accident detection using spatial and 

temporal feature learning from surveillance video streams 
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1.4 Event-based Video Summarization 

With the increasing amount of video data captured by surveillance systems, video 

summarization has become a crucial technique for handling and understanding these massive 

amounts of data. Traffic surveillance systems record long video streams, which have a lot of 

redundant and irrelevant information. This is because it takes a long time and is costly to 

process and analyse these enormous amounts of information in its raw state. Video 

summarization is the process of extracting the important and relevant parts of the video data 

with reducing the complexity and retaining the critical information. The specific purposes 

of event-based video summarization in traffic surveillance are to detect and summarize the 

major events like accidents, traffic violations and unusual traffic interventions, and to 

remove redundant frames that contain no useful information [17]. 

The main goal of video summarization is to aid in rapid understanding and storage of 

surveillance information. Summarised outputs (including key events) allow operators to save 

time reviewing lengthy video recordings and make informed decisions and take prompt 

actions. This capability is particularly important in traffic monitoring applications, where 

timely identification of incidents is crucial for ensuring road safety and effective traffic 

management [18]. Summarization methods can also be used to reduce irrelevant information 

and quickly retrieve data. 

The traditional video summarization methods are primarily low-level visual based methods, 

which rely on motion intensity, colour distribution and saliency detection. Though these 

approaches are feasible in computation, they cannot explain the meaning of complex events, 

especially in the dynamic traffic situation. This can cause some events to be missed or for 

irrelevant frames to be added to the summary. To overcome the limitations, deep learning 

approaches can be used to learn high level semantic features and temporal relationship from 

the video data [19]. The techniques used in them are complex neural network models that 

are able to capture context to generate more informative and relevant summaries. 

The majority of the event-based summarization methods employ feature extraction and 

clustering based keyframes selection techniques for video sequences. These techniques 

ensure that the summaries created are brief and informative by clustering the similar frames 

according to feature similarity and choosing representative frames [20]. Not only do these 

techniques remove redundant information, but they also preserve the important information 



14 

 

of key events that are pertinent to a variety of uses such as traffic incident analysis and 

forensics. 

One of the major disadvantages of current video summarization techniques, however, is that 

they are still regarded as stand-alone techniques not integrated with event detection system. 

This separation causes inefficiencies, with detection and summarization tasks potentially 

duplicating computational work, and not sharing useful information. So, the context of the 

events detected may not be fully summarized. The limitation suggests that a joint framework 

is required to combine accident detection with video summarization in one framework to 

make efficient processing and better representation of the critical traffic using the 

summarized video. 

1.5 Motivation for Integrated Detection and Summarization 

Existing approaches split the two functions of accident detection and video summarization, 

leading to the waste of computation and efficiency loss. Detection systems are used for 

detecting anomalies and summarization systems process video data independently to 

produce summaries [21]. When information is not integrated, there is a computational 

burden, and system performance does decrease. This can be achieved more efficiently by 

using a combined detection and summarisation system, which can share intermediate 

representations, avoiding redundant processing, as much as possible [22]. Such accidents 

can be detected by this type of system, and a meaningful summary can be given in one 

pipeline. Another dimension of scalability is gained by unsupervised learning techniques, 

which do not require labelled data sets, which can be scarce in practical applications [23]. 

What's more, spatial and temporal modelling can be combined to enhance the system's 

capacity to comprehend complex traffic dynamics [24]. The motivation of this research is to 

find an efficient solution for traffic surveillance, and such issues need a unified framework. 

1.6 Problem Statement and Research Questions 

The traffic surveillance system has developed rapidly, and the amount of video data 

generated has reached a huge scale, which makes it hard to monitor video manually. The 

real difficulty of using continuous video streams to detect rare accident events is that they 

are unpredictable, unpredictable traffic flows, and variations in the environment, including 

occlusion, lighting conditions, and weather disturbances. The existing methods typically fail 
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to correctly detect such anomalies, particularly when they do not take temporal dependency 

into consideration and rely on frame-level analysis [25, 27]. 

Moreover, in most existing systems, these two tasks of recognition of accidents and video 

summarization are performed separately. This separation will cause redundancy in 

processing, high computing costs, and inefficiency in feature extraction. Consequently, these 

systems are incapable of providing the full system solution needed to detect accident events 

and produce meaningful summaries to quickly interpret and decide. To tackle these 

challenges, this research aims to create a common framework that can effectively detect and 

summarise text while being scalable and efficient [29, 30]. 

Research Questions: 

• How to apply unsupervised deep learning techniques to effectively detect traffic 

accidents in a scalable and adaptable manner without the need for large-scale labelled 

datasets in the real world?  

• How to model both spatial (appearance-based) and temporal (motion-based) features 

together to better detect complex and dynamic traffic anomalies like accidents?  

• What is the best way to automatically recognize and summarize the most useful event 

information from long surveillance videos without losing important frames from 

accidents and discarding redundant and irrelevant information?  

• How do you minimize redundancy in continuous video without compromising the 

meaning and content of key events in the processed video?  

• How to combine the above two tasks in a single unified system without 

compromising the efficiency, computational cost, and overall system performance? 

1.7 Objectives, Scope and Outcomes 

The overall objective of this research is to develop an efficient and uniform deep learning-

based architecture for traffic accident detection and summarization of video data through a 

traffic accident event. The advantage of the proposed framework is that it tries to combine 

the detection and summarization processes in one pipeline to overcome some of the 

limitations of the existing systems and make the whole system more efficient, less redundant, 

and more applicable to real-time use in intelligent transportation systems. 
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Objectives: 

The objectives of this research are as follows in detail:  

• To build an unsupervised framework for detecting anomalies: Develop a model that can 

learn normal traffic patterns from surveillance videos and detect accidents based on the 

deviation from the learnt traffic pattern, without requiring labelled data to make the 

model with potential for practical application.  

• To effectively capture spatial features: Apply CNNs to learn useful spatial information 

like vehicle shapes, patterns, and scene context from individual frames.  

• To add temporal feature modelling: Explore and build models to learn temporal 

dependencies and sequential information from video data with advanced architectures, 

such as BiLSTM, to understand traffic dynamic behaviour.  

• To develop a video summarization mechanism that is based on events: To obtain the key 

representative frames to retain essential information from accident events detected, 

propose a summarization method based on a latent space clustering technique.  

• To minimize the duplication of video information: Use similarity-based-filtering 

techniques (e.g., SSIM) to drop redundant frames and make efficient summaries without 

losing important event information.  

• To integrate detection and summarization in one structure: Improve the computational 

efficiency, processing time, and system performance by putting both processes in a 

pipeline.  

• To assess the system's performance, using common performance measures: Compare 

and assess the proposed framework using evaluation metrics like Accuracy, Precision, 

Recall, and F1-score for Accident detection, Diversity and Reduction Rate for 

summarization.  

Scope: 

This research aims to concentrate on the intelligent traffic surveillance system using video 

and deep learning technology. This research deals with analysing the CCTV footage for the 

identification of accident events and the generation of meaningful summaries. The proposed 

framework is examined using benchmark datasets like UCF-Crime and IITH under a real-

world traffic environment. The study underscores the importance of unsupervised learning 

techniques, which aim to minimize the need for labelled data and enhance scalability. It also 
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takes into account spatial and temporal modelling approaches for the representation of 

complex traffic dynamics. Furthermore, the study will investigate the computational 

efficiency and assess its feasibility for a practical application in smart city environments. 

Expected Outcomes: 

The research results of such sort are both theoretically and practically important. The 

suggested framework is expected to be highly accurate in detecting accidents, as it will be 

able to capture the spatial and temporal patterns in traffic videos. The system will use 

unsupervised learning methods, which should allow it to transfer its knowledge to varying 

traffic situations with fewer labelled data sets. Moreover, the event-based video 

summarization functionality is anticipated to provide the user with concise and informative 

video summaries by choosing the most representative keyframes while removing redundant 

frames. This will result in a high reduction rate in video data without compromising the 

quality and relevance of important events. The summaries will help traffic and emergency 

response authorities to analyse and make decisions more quickly. 

Another major benefit will be the merging of detection and summarisation to one, thereby 

decreasing the computational burden and increasing the efficiency of processing. The 

integration could make the system more applicable to intelligent transportation systems. 

Overall, the study is expected to contribute significantly to the field of traffic surveillance, 

offering insights and potential solutions for the Advancement of efficient and intelligent 

systems to enhance safety on the road and traffic management. 

1.8 Thesis Organization  

This thesis is systematic and structured; the development and organization are intended to 

provide a full understanding of event-based video summarization and anomaly detection for 

an intelligent traffic surveillance system. Then, the basic concepts of traffic surveillance, 

ITS, accident detection, and event-based video summarization are introduced in Chapter 1. 

It explains the motivation behind combining detection and summarization in one single 

system, outlines limitations of existing surveillance systems, and outlines the problem 

statement, research objective, scope, and expected outcomes of the proposed research. 

The literature review of traffic surveillance, accident detection methods, video 

summarization methods, spatiotemporal modelling methods, and Autoencoder-based 



18 

 

anomaly detection methods is discussed in Chapter 2. This chapter discusses and critically 

analyses the traditional surveillance methods, the ML-based technique, the DL based 

technique, event-driven surveillance methods, and their limitations, comparative study, and 

research gaps. The theoretical and practical support for the proposed integrated surveillance 

framework is provided in this chapter.  

The theoretical background and basic concepts for the proposed research work are discussed 

in Chapter 3. It introduces you to the features of surveillance videos, the basics of deep 

learning, convolutional neural networks, autoencoder architectures, temporal modelling 

methods, clustering methods, similarity measures, and metrics for measuring the 

performance of autoencoders. The chapter offers the theoretical underpinning of the 

suggested CVAE-ADS and Conv-BiLSTM frameworks. 

The integrated traffic anomaly detection and incident-based video summarization proposed 

models and overall system architecture are detailed in Chapter 4. The chapter introduces the 

design and implementation of the CVAE-ADS framework and Conv-BiLSTM autoencoder 

framework, which comprise a variety of preprocessing strategies, encoder-decoder 

architectures, latent feature representation, anomaly detection mechanisms, temporal 

modelling, thresholding techniques, and intelligent video summarization methods. It also 

provides a detailed description of the complete algorithmic flow of the proposed system. 

The experimental setup, descriptions of the datasets, the preprocessing techniques, baseline 

models, and the metrics employed for the assessment of the systems are provided in Chapter 

5. The chapter contains full quantitative and qualitative evaluations of the accuracy of the 

accident detection and summarization of the videos from the IITH and UCF-Crime datasets. 

Comparative studies with existing state-of-the-art techniques are also given in order to show 

the strength and effectiveness of the proposed frameworks. 

Lastly, Chapter 6 presents the overall conclusions, research contributions, and main findings 

of the proposed work. The chapter also examines the drawbacks of the existing frameworks 

and proposes future research avenues on intelligent traffic surveillance, anomaly detection, 

and event-based video summarization. This structured organization facilitates understanding 

of the proposed integrated traffic surveillance system. 
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Chapter 2 Literature Review 

2. Literature Review 

The literature review provides an extensive analysis of the past research on spatiotemporal 

modelling, video summarization, traffic surveillance, accident identification, and anomaly 

detection techniques. It examines the evolution of traditional and intelligent systems for 

traffic monitoring and the significance of the role played by ML and DL-based techniques 

in replacing the traditional image processing techniques. The survey also includes recent 

advances in using autoencoders for anomaly detection and generating video summarises for 

effective processing of traffic surveillance data. To articulate the need for, and rationale 

behind, the proposed framework, a comparative evaluation of existing frameworks is also 

included to identify the strengths and weaknesses of current frameworks and research needs. 

2.1 Overview of Traffic Surveillance Systems 

The traffic surveillance systems are a vital component of today's transportation system and 

play a critical role in real world traffic analysis, monitoring and management. The number 

of vehicles has been increasing and so has the complexity of urban transportation, thus the 

traditional methods of traffic monitoring are no longer sufficient to the modern traffic 

managements. In this way, the traffic surveillance system has been transformed into a smart 

and automated platform, which is equipped with advanced sensing, communication and 

computational capabilities, so as to effectively manage the traffic flow and enhance the road 

safety [31]. 

The goal of traffic surveillance systems is to collect, process, and analyse traffic surveillance 

data from various sources like dashcams, surveillance cameras, connected vehicles, and 

sensors. Today, traffic surveillance systems are multi-layered systems that consist of data 

acquisition, data processing, and decision-making parts. Data acquisition is also installed on 

road networks, including cameras and sensors that continuously gather traffic data. This data 

is then fed into more sophisticated algorithms to analyse and derive significant features and 

patterns. Lastly, the processed information is being used to control traffic, manage incidents, 

and enforce policies [32]. 

The advent of big data and computer technology has also greatly helped the creation of more 

complex surveillance systems. Real-time monitoring of high-density and mixed traffic 
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conditions is possible with systems like TRAMON, which are able to merge real-time data 

from various sources [33]. Likewise, technologies such as Auto track allow effective vehicle 

monitoring and retrieval from surveillance videos, thereby improving the performance of 

traffic monitoring systems [34]. The developments indicate a move from passive to pro-

active and intelligent traffic surveillance systems with the capability to make decisions, such 

as the use of event-driven video analytics [35]. But some traffic surveillance system 

challenges remain, including processing huge video data, real-time processing, and accuracy 

in varying environmental conditions. These tasks can only be achieved with continual 

innovation of hardware and software technologies and development of robust and efficient 

models. 

2.1.1 Evolution of Traffic Monitoring Techniques 

The need for effective traffic management and technological capabilities has influenced the 

development of traffic monitoring technology. The first approach to traffic monitoring was 

to have human monitors observing the traffic on the road using a camera or by sight. While 

this gave the basic monitoring, it had the drawback that it was subject to human factors such 

as fatigue, limited attention span, and was not scalable to traffic load. 

The next step was the use of sensor-based systems, bringing automation to the collection of 

data. The traffic parameters measured by different technologies, such as the number of 

vehicles moving in the street, their speed, and vehicle occupancy, included inductive loop 

detectors, radar devices, and infrared devices. The use of these systems improved traffic data 

collection with much greater accuracy and reliability. However, they were unable to offer 

granular information on traffic scenarios or to analyse complex scenarios. 

As communication technology has developed and the number of mobile devices is 

increasing, a new method of traffic monitoring has been introduced: vehicular crowdsensing. 

This approach involves the use of sensors and communication technologies to transform 

vehicles into mobile data collection and transmission sources, providing real-time traffic 

information. Previous research has shown that vehicular crowdsensing can be used to 

identify traffic accidents and enhance coverage in a large-scale transportation network [31]. 

This will improve the amount of data available, as well as provide a fuller picture of traffic 

conditions.  
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Advanced deep learning models like CNN, YOLO based models, RNN, and Vision 

Transformer have been widely used in the field of traffic analysis. Such models can be used 

to learn hierarchical representations of data and to find subtle patterns and anomalies that 

are hard to find otherwise. Along with that, some attention-based schemes and hybrid 

architectures are also implemented to achieve better efficiency of the ITS. 

Another big trend in recent times is the implementation of edge computing. It can reduce 

latency and enhance efficiency by processing data on the edge. It is especially crucial in 

applications like accident detection, where a timely response is necessary. The success of 

systems like VegaEdge in providing the edge architecture capabilities to enable real-time 

IoT-based applications for highway safety has been shown [36]. Further, the real-time video 

analytics used on the edge/end devices have enhanced the monitoring of urban safety [37].  

Some special applications include smoker detection in smart city [91], detection of the 

number plate of the vehicle in the video [92], near-infrared road-marking detection [93], and 

Motorcycle Helmet Detection in Traffic Surveillance [94]. In conclusion, the development 

of traffic monitoring methods has seen a gradual transition from traditional and reactive 

monitoring methods to intelligent and proactive systems. This shift is the result of the current 

demand for scalability, accuracy, and performance in today's traffic monitoring systems. 

2.1.2 Conventional Surveillance Methods 

Conventional surveillance methods are the initial solutions for traffic monitoring and 

incident detection, which are mostly rule-based, statistical, and basic tracking technologies. 

In a relatively controlled environment, these techniques were meant to take place under rules 

and thresholds already set forth to detect abnormal traffic situations. A technique widely 

adopted for the conventional surveillance systems is statistical modelling of the urban traffic 

flow [38]. There is also an attempt to use traffic analytics for low-frame-rate videos to deal 

with the bandwidth problem [39]. One way is using traffic flow models that are used to 

analyse traffic parameters like speed, density, and flow rate, and sense anomalies. Dynamic 

traffic signal control has been suggested for controlling urban congestion by using smart 

traffic surveillance and accident detection systems [40]. Although these models offer a 

structured approach to analysis, they rely on a set of assumptions that may not be applicable 

to other traffic situations and are not necessarily representative. 
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Another conventional approach is to detect the presence of people in video surveillance using 

artificial intelligence to ensure pedestrian safety [41]. The moving vehicle detection using 

the machine learning approach has also been applied to enhance road safety [42]. While 

effective in some scenarios, they are not always able to process complex traffic behaviour 

and identify subtle abnormalities as well as modern deep learning alternatives. Apart from 

that, manual feature extraction approaches were used with early surveillance systems, in 

which the features were designed according to the knowledge of the domain experts. The 

features were then utilized in classification or detection models. This, however, is a time-

consuming process and does not fully represent the diversity and complexity of traffic 

situations on the road.  

The problem with conventional surveillance systems is that they are not as flexible and can't 

adapt to the shifting dynamics. Weather, lighting, road structure, driver behaviours, and all 

other factors can have an impact on traffic conditions. The difficult variability is a problem 

for rule-based systems and results in lower accuracy and false alarms. Moreover, these 

approaches are not scalable and are unable to handle large amounts of video data produced 

by today's surveillance systems. In spite of these drawbacks, traditional surveillance 

techniques pave the way for more sophisticated techniques. They gave us a lot of insights 

into traffic behaviour and the need for more robust and adaptive systems.  

2.2 Accident Detection Approaches 

The detection of accidents is a key aspect of intelligent traffic surveillance systems that not 

only directly affects road safety but also contributes significantly to emergency response and 

traffic management efficiency. As the number of vehicles on the road continues to rise and 

the complexity of the road network grows, it is more important than ever to have accurate 

and real-time accident detection systems. In the literature, there are many methods proposed 

for the detection of traffic accidents, including traditional rule-based systems, as well as deep 

learning-based systems. 

The main goal of accident detection systems is to detect unusual traffic incidents, including 

collisions, rapid stops, and unusual movements of vehicles, and then report them from the 

surveillance data. These events are often unusual and unpredictable and are hard to detect. 

In the past few years, research efforts have been directed towards improving the detection 

accuracy, minimizing the number of false alarms, and facilitating real-time performance by 
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developing better algorithms and models. Generally, there are three categories of accident 

detection methods: Conventional methods, Machine learning, and Deep Learning 

techniques. While they all have their pros and cons, the type of method used will vary 

according to the data available, the amount of computational resources required, and the type 

of application. 

2.2.1 Traditional Methods 

The traditional approach to accident detection is mostly rule-based logic, statistical analysis, 

and mathematical modelling of traffic parameters. These methods are based on rules, 

thresholds, and handcrafted features, which are pre-defined and used to detect abnormal 

traffic behaviour that could signal the presence of a road accident. Traditional Traffic 

surveillance systems were more concerned with analysing the vehicle speed, traffic flow, 

vehicle density, occupancy, and sudden changes in movements to identify unusual events. 

The system created an accident alert if the traffic condition was found to be very different 

from the normal condition. 

Fuzzy logic-based systems are one of the popular methods used in the traditional accident 

detection system. These techniques are useful, especially for coping with uncertainty and 

imprecise traffic conditions by using linguistic rules and membership functions. Bhanja et 

al. [43] introduced a fuzzy logic accident detection system for VANETs in which they used 

the differences in vehicles' speed and communication signals to detect accidents. In the work 

of SP et al. [44], the authors have proposed a smart junction framework using intelligent 

traffic control and anomaly detection techniques to enhance road safety and traffic 

efficiency. Likewise, fuzzy Bayesian techniques have also been used to assess risks of 

accidents in transportation systems. In traffic safety analysis, Benallou et al. [45] validated 

the use of probabilistic reasoning in analysing the risk of accidents for road transportation 

providers and truck drivers. 

Infrastructure-assisted and traffic-control-based systems are other traditional approaches. 

What would be the impact on accident detection if there were improved communications 

between vehicles and roadside infrastructure? Tian et al. [46] created an accident detection 

framework for cars automatically that leverages cooperative intelligent transportation 

frameworks. Besides that, an advanced zone-based traffic management system integrating 

with anomaly detectors has been proposed to improve urban traffic monitoring. In addition, 
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Zhu et al. [47] presented a traffic accident detection algorithm utilizing comprehensive 

traffic flow feature extraction, which was able to combine several traffic flow characteristics 

to enhance the detection performance. 

Though the traditional methods are simple enough and computationally efficient, there are 

certain limitations associated with them. They are heavily dependent on pre-defined rules 

and hand-crafted features and are unable to cope well with the complex and dynamic traffic 

situations. Furthermore, these methods tend not to be accurate in detecting subtle interactions 

between vehicles, which results in lower detection accuracy in real-world situations. 

2.2.2 Machine Learning-Based Approaches 

The machine learning based approaches are a major improvement over conventional 

approaches as they allow data-driven modelling of traffic behaviour. They are based on 

algorithms that are trained with the historical data and then used to identify anomalies in the 

new information. This model can dynamically adapt to traffic situations and get better with 

time unlike rule-based models. Several ML techniques have been used in the field of accident 

detection, such as Decision Trees, Support Vector Machines (SVM), k-Nearest Neighbours 

(k-NN), Gradient Boosting Machines (GBM), and Random Forests [26, 42]. Usually, such 

models consist of two steps, namely feature extraction and classification. The characteristics 

of the vehicles, such as their speed, trajectory, motion patterns, and the characteristics of the 

traffic, are extracted from the surveillance data and serve as features to train classification 

models. These studies have demonstrated that machine learning approaches can be 

successful in processing large amounts of traffic data and detecting complex patterns that 

might not be easily spotted through traditional means [46]. 

But some drawbacks for machine learning techniques exist as well. One of the big hurdles 

is the need for labelled datasets, which are often hard to get hold of and costly. Annotating 

traffic video data for detecting accidents is an expert skill and time-consuming. Moreover, 

the quality of the features extracted is a crucial factor in machine learning models. If care is 

not taken, inadequate feature selection may result in low accuracy and performance. One of 

the other drawbacks is that many machine learning models are not able to learn temporal 

dependency in video data. Traffic collisions are dynamic events that change over time, and 

the analysis of individual frames, without taking temporal relationships into account, may 
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lead to false predictions. This has resulted in the development of more sophisticated models 

incorporating time information [42, 47]. 

2.2.3 Deep Learning-Based Methods 

The automatic feature extraction and modelling of complex spatial and temporal traffic 

patterns using deep learning models can be achieved in surveillance video and can greatly 

improve the capability of traffic accident detection. DL models can learn hierarchical 

representations directly from the raw images and video sequences, unlike the traditional 

methods, which rely on hand-crafted features, to deliver superior accuracy and robustness. 

Recently, deep learning and transfer learning methods have been useful in accident analysis 

and detection. Aboulola [48] proposed MobileNet using a SHAP-based explainable AI 

approach for the traffic accident severity prediction. Kaur and Bhattacharya [49] proposed a 

convolutional deep network for automatic traffic detection and classification. In addition, 

Pashaei et al. [50] presented a hybrid approach consisting of CNNs and a Mixture of Extreme 

Learning Machines (MELM), which enabled better feature extraction and classification 

accuracy of accident images.  

CNNs are widely used for the applications of extracting spatial features such as vehicle 

appearance, motion features, collision patterns, and scene context. CNN combined with 

Variational Autoencoders (VAEs) has been proven to be a good architecture for traffic 

anomaly detection and vehicular trajectory classification tasks [51]. Moreover, the 

development of large-scale benchmark datasets, such as the Traffic Accidents Detection 

(TAD) dataset, which offers video surveillance with annotated data for training and testing 

models, has further boosted research in this field [52]. 

Recurrent and spatiotemporal learning frameworks are often combined in deep learning 

approaches to analyse temporal dependencies in traffic videos. Accident detection based on 

video is more effective in detecting accidents using sequential frame information and traffic 

motion patterns [53]. Furthermore, vision-based accident anticipation systems are supposed 

to enhance road safety by anticipating possible accident situations in advance [54]. More 

advanced anomaly detection techniques using optimized neural networks and spatiotemporal 

feature extraction techniques have been applied to improve the detection of abnormal events 

in surveillance scenarios [55]. Moreover, deep ensemble models have been proposed to deal 

with various traffic conditions and improve the models' robustness and generalization [56]. 
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In recent years, the emphasis has been on accident detection techniques through advanced 

object detection and tracking systems. CCTV system-based intelligent accident detection 

system combined with a nearest medical facility recommendation system is used for 

applications in emergency response management [57]. The use of scenario-based detection 

frameworks, such as YoFlow, enhances the understanding of the roadside scene and the 

localization of an accident [58]. The researchers have successfully created advanced learning 

approaches with high detection accuracy and speed using Faster R-CNN, 3D-CNNs, 

YOLOV5, YOLOV8, and Generative Adversarial Networks (GANs) for intelligent traffic 

monitoring systems [59, 60, 68, 69, 71]. Trajectory tracking and influence map-based 

methods have also been used to analyse vehicle interactions and collision risks [61], and the 

computer vision-based approaches have been used to classify traffic incidents automatically 

from surveillance streams [62]. 

Moreover, synthetic accident videos have been employed to address the issue of a lack of 

real-world training videos [63]. With the advent of edge computing and deep neural network-

based technologies, fast and localized accident recognition with reduced latency has also 

become possible [64]. To further improve accident detection performance and road safety, 

other studies focused on two-stream convolutional networks [66], the feature fusion 

framework [67], pedestrian accident detection models [70], a traffic monitoring system 

based on AI [72], and an intelligent emergency notification system [73] have been 

investigated. While these have their benefits, deep learning models are huge in terms of data 

sets, computational power, and the ability to adapt to weather, lighting, and occlusion 

changes. 

Deep learning-based methods have a number of drawbacks, despite their better performance. 

One significant challenge is the high computational complexity, especially for real-world 

applications on resource-limited devices. To achieve strong learning results, these models 

demand high-performance GPUs, high memory capacity, and huge training data sets. 

However, detection performance can also be influenced by environmental conditions, 

including lighting conditions, weather changes, occlusion, and camera viewpoint change.  

2.2.4 Limitations of Existing Detection Techniques 

While various accident detection techniques have been developed, from simple rules-based 

methods to sophisticated deep learning-based techniques, there are several aspects that 
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without doubt prevent most of them from being a success in real-world traffic surveillance 

applications. Current approaches tend to be less successful in more varied traffic situations 

because of differences in road geometry, traffic volume, climate, and camera perspectives. 

Traditional and early machine learning-based methods are very feature-driven and rely on 

handcrafted features and predefined rules that are not sufficient to model complex 

interactions between vehicles and the dynamics of traffic flow [35].  

Labelled datasets are a significant challenge in supervised learning methods due to the rarity 

of traffic accidents, which makes it difficult and costly to collect large-scale annotated traffic 

data sets. The datasets used in research have been improved by benchmark datasets like 

TAD, but the lack of diversity in the datasets remains a problem with model generalization 

[52], such as the TAD. However, real-time crash prediction on express highways is still 

challenging because of the rare and arbitrary nature of the accident events on express 

highways, which causes imbalanced learning problems and less prediction reliability [74]. 

The high detection accuracy of deep learning methods comes at the same time as other 

challenges such as computational complexity, scalability, and interpretability. In the 

development and deployment of deep neural networks, the need for substantial computing 

power, such as powerful GPUs and ample memory, can pose a challenge for resource-limited 

environments. However, the challenge to achieve an optimization of detection accuracy and 

processing efficiency has remained a key research issue in the design of edge computing-

based traffic accident recognition systems [64]. Poor illumination, rain, fog, shadows, and 

occlusion due to environmental changes further compromise the detection performance and 

impact on the quality of surveillance data. A study of real-time intelligent intersection 

monitoring systems and a study of feature fusion-based crash detection systems revealed that 

occlusion and visibility problems can have a great impact on the robustness of the approach 

[66, 67].  

The current approaches also have problems in accurately modelling long-term temporal 

dependencies in traffic videos, leading to false alarms and missed detections in complex 

traffic situations. Moreover, most deep learning frameworks are black-box systems, which 

are not easily interpretable and therefore are not trusted by users in critical traffic safety 

applications. Although there are explainable AI methods to improve model transparency, 

their use in accident detection systems remains constrained [48]. A major disadvantage is 

that none of the integration is done between accident detection, video summarization, 
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emergency response, and intelligent transportation surveillance systems, which reduces the 

effectiveness of surveillance systems. These demonstrate the requirement for designing more 

powerful, enhanced, interpretable, and scalable methods that are able to work in the real road 

traffic environment. 

To conclude, considerable advancement has been made in traffic accident detection, but 

there is still a need for several challenges to be addressed. There are still some limitations to 

current approaches, such as their dependence on labelled data, complexity, environmental 

sensitivity, scalability, and lack of interpretability. Moreover, temporal traffic behaviour 

modelling and false alarm rate reduction are still big research challenges. The above 

limitations show that the requirement for advanced accident detection systems that combine 

spatiotemporal learning, anomaly detection, adaptive capability, interpretability, and 

computational efficiency in practical traffic surveillance conditions is crucial. 

2.3 Video Summarization Techniques 

A growing amount of video data is collected by traffic surveillance systems, which has led 

to a critical need for effective video analysis, storage, and retrieval techniques. Surveillance 

video includes a considerable amount of redundant and irrelevant information, making it 

difficult to process manually and computationally expensive to analyse. To overcome these 

challenges, video summarization has become an important technique to produce short and 

informative video representations from long video sequences. It can be broadly categorised 

 
Figure 2.1: Taxonomical Representation of Video Summarization Approaches 
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into three types as shown in Figure 2.1: static summary, dynamic summary, and context-

specific summary. The diagram shows the overview of traditional approaches, learning-

based techniques, and advanced deep learning methods used for efficient extraction and 

generation of concise video summaries. 

The purpose of video synopsis techniques is to retrieve the most important information from 

video data and reduce its length. Summarization, in the area of traffic surveillance, 

concentrates on identifying significant events like accidents, traffic offences, and unusual 

activities. Video synopsis can lead to faster analysis times and better storage efficiency in 

intelligent transportation systems. These methods can also help reduce the amount of data 

stored and analysed, which can lead to faster analysis times and better storage efficiency in 

intelligent transportation systems. In the past, different summarization methods for video 

have been proposed that can be divided into three generic approaches: keyframe-based, 

event-based, and clustering-based summarization approaches. Each of these techniques has 

its own pros and cons, depending on the application and the nature of the video data. 

2.3.1 Keyframe-Based Summarization 

One of the oldest methods and the most widely applied in video summarization is keyframe-

based summarization. The main goal of this technique is to minimize video data by selecting 

a subset of representative frames that can represent the important visual information and 

overall content of the video sequence. Key frame-based techniques are also used to reduce 

storage and computation requirements, while contributing to the faster browsing and 

retrieval of videos, since only significant frames are stored. These methods are simple and 

efficient; thus, they are widely used in surveillance systems, multimedia retrieval, and video 

indexing systems. 

Several researchers have contributed to the development of summarization methods for 

video surveillance and analysis that are based on a keyframe-based approach. Kotkar and 

Sucharita proposed a scalable framework for identifying anomalies using keyframe 

extraction and applying machine learning algorithms for efficient video surveillance [75]. 

They found that only if the data is well represented through the selection of a representative 

frame can it be used for anomaly detection tasks with a significant reduction of redundant 

data. Kadam et al. proposed a behavioural profiling-oriented adaptive video summarization 

technique to shift the focus of video summarization from general to personal summary of a 
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video according to the user's behaviour and preference [76]. Furthermore, Sun et al. proposed 

a visual framework for video summarization, named VSumVis, to better understand, 

visualize, and diagnose the video summarization models, which can help increase 

transparency and interpretability in video summarization systems [77]. 

2.3.2 Event-Based Summarization 

Event-based summarization is an advanced video summarization method that aims at 

detecting and summarizing meaningful events in video sequences instead of choosing 

individual representative frames. Event-based summarization aims at semantic 

understanding, focusing not only on keyframe selection, but also on identifying critical 

events like accidents, abnormal behaviour, crowd movements, or traffic infractions. 

In modern research trends, there have been studies that investigate advanced DL and 

reinforcement learning to improve video summarization by events. Xu et al. designed a deep 

reinforcement learning approach for crowd-aware surveillance video summarization, 

training a surveillance system to identify which video segments are important for generating 

an informative summary [78]. In a similar way, Liu et al. presented a video summarization 

approach using reinforcement learning that considers spatiotemporal characteristics of a 

video by using a 3D spatiotemporal U-Net [79]. Wang et al. also suggested a progressive 

reinforcement learning approach to gradually remove redundant information and efficiently 

identify informative video segments over time [80]. They present the new important role of 

intelligent techniques in the summarization of events in video to be used in recent video 

surveillance applications. 

In traffic surveillance systems, event-based summarization plays a vital role in the detection 

of segments related to accidents and timely analysis and response. Most of these methods 

involve anomaly detection algorithms as one of their constituent parts, which can be used to 

identify events of interest and select the relevant video segments. Event-based 

summarization allows for more efficient storage management, quicker video analysis, and 

better decision-making in an intelligent surveillance system by focusing on key moments 

[35]. 

There are some benefits to the event-based summarization approach over more traditional 

summarization. It maintains the temporal signature of an event, keeping the temporal order 

of actions that result in an incident. This is especially important when considering the context 
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of an accident and when conducting detailed analysis. It is also more informative, since the 

summary is based on information that is significant to the event, rather than on individual 

frames. However, there are challenges associated with event-based summarization. Accurate 

event detection demands powerful models that can manage various traffic situations and 

environmental changes. In addition, the efficient integration of the processes of detection 

and summarization is still a complex challenge, as these processes are often developed 

independently. To conclude, there are still some limitations to current approaches, such as 

their dependence on labelled data, complexity, environmental sensitivity, scalability, and 

lack of interpretability. 

2.3.3 Clustering-Based Approaches 

The clustering-based approaches are one of the important categories of video summarization 

techniques because of its ability to reduce video sequence redundancy without losing the 

most informative content of the videos. They work by clustering frames or segments visually 

or semantically similar by extracting feature representations and selecting some 

representative frames or segments from each cluster to produce a short summary. Clustering-

based summarization reduces the storage space requirement, computational burden and 

enables quick retrieval and analysis of videos. These are especially useful in large-scale 

surveillance systems where multiple cameras are recording the same video content in real 

time, resulting in redundant data.  

There are many different approaches to clustering, including k-means, fuzzy clustering, 

density-based and hierarchical clustering for video summarisation applications. The 

effectiveness of these strategies relies heavily on the quality of the extracted spatial and 

temporal features, similarity measures and methods for optimizing clusters. In [81] Taheri 

Sarteshnizi et al. presented a pairwise hybrid clustering approach to detecting useful traffic 

behaviour patterns in large temporal datasets of urban traffic volumes, showing the 

usefulness of clustering techniques to detect meaningful temporal patterns from large 

temporal datasets. In same way, Rabbouch et al. designed an unsupervised video 

summarization method based on cluster analysis for automatic vehicle counting and 

recognition, and they used the cluster analysis methods to select the representative traffic 

scenes and eliminate redundant information in video summary [82]. 
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Recently, with the advancement of technology, the clustering-based summarization has been 

reinforced again, using convolutional neural networks and Spatio-temporal representations 

to extract high-level semantic features. But there are still a number of challenges, like 

optimal cluster selection, computational complexity, and processing high dimensional video 

data, that are still important research issues. 

2.3.4 Video Summarization for Traffic Accident Analysis 

During the development of ITS, with the increasing use of smart traffic surveillance and the 

continuous generation of large-scale traffic video data, the video summarization of traffic 

accidents and traffic incidents has become an important research field. Unlike the traditional 

approaches, which are mostly focused on minimizing the visual redundancy in video, the 

goal of traffic accident summarization is to identify the important traffic situations, including 

traffic accidents, abnormal vehicle movements, heavy traffic, and road events. These 

techniques aim to generate brief, informative summaries with semantically relevant events 

for efficient monitoring, forensics, and emergency response. 

In recent years, more research has begun to combine deep learning, anomaly detection, and 

intelligent event analysis into the traffic video synopsis system. Thomas et al. presented a 

perceptual video summarization framework for road event detection, which included 

perceptual importance measures to compute the importance of various road events in 

surveillance videos [136]. Kosambia and Gheewala proposed a video synopsis framework 

to detect accidents in surveillance videos using deep learning techniques and proved that 

intelligent summarization can substantially shorten the surveillance video length without 

losing the information about the accidents [137]. Based on Spatio-temporal rough fuzzy 

granulation using Z-numbers, Pramanik et al. proposed a traffic surveillance anomaly 

detection and video summarization method that enhanced the representation of uncertain and 

complex traffic events for surveillance systems [138]. 

Summarization techniques focusing on privacy protection and learning have also been of 

great interest in recent years. Werehti et al. suggested a privacy-preserving road traffic event 

summarization model for smart cities based on IoT, where the need for secure handling of 

surveillance data in the context of smart cities is emphasized [139]. Likewise, Saxena and 

Asghar adopted the YOLOv5 deep learning system for road event-based video 

summarization to effectively detect and extract significant road events from a continuous 
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surveillance stream [140]. Although these methods have been proven effective, there are still 

further research opportunities in the intelligent traffic surveillance system to solve problems 

such as realistic processing, anomaly understanding, environment adaptability, detection, 

and summarization. 

2.3.5 Challenges in Video Summarization 

Despite the progress in video summarization technologies, a number of key research 

challenges and gaps exist in several aspects of this technology, which limit its effectiveness 

for smart traffic monitoring applications. One of the biggest problems is the capacity to 

remove irrelevant information and keep semantically relevant events, such as accidents, 

traffic misbehaviours, and unusual behaviours of the vehicles. In a continuous surveillance 

stream, there are many frames that look similar by visual appearance, and it is hard to 

distinguish meaningful frames from those of repetitive background activities [75, 82]. This 

results in the loss of important context detail in many current summarization algorithms or 

the generation of redundant information within the summary.  

It's another big challenge to get the balance right between compression and information 

retention. If the compression is excessive, important event information may be lost to the 

investigator, and traffic analysis of the event may be hampered if information is not 

summarized enough. Furthermore, keeping the temporal order fixed is a challenge in many 

existing and frame-based summarization techniques that tend to lose the order of events in a 

timeline required for comprehending the accident development and behavioural trends [77, 

79].  

Another drawback is the lack of real-time implementation of the video summarization 

frameworks. Many recent methods based on deep learning, reinforcement learning, and 

anomaly detection for summarization all require significant computational power, 

processing capacity, and large amounts of annotated data to be trained and tested [78-80]. 

Such requirements prevent their use in resource-limited edge devices and widespread smart 

city surveillance networks. In addition, the illumination change, bad weather, shadows, 

occlusion, camera movements, and high traffic density have a severe impact on the feature 

extraction and event detection accuracy [136-140].  

Another major gap in research is the lack of adaptability and generalization of current 

summarization models for multi-modal traffic. The methods have many that are highly data-
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dependent and don't always work in out-of-sample road conditions or different surveillance 

situations. Furthermore, existing systems address several aspects of video processing 

separately, leading to disconnection and high computational complexity in the system 

architecture for the detection, anomaly analysis, and summarization of accidents. There is 

still a significant gap in the research of traffic surveillance applications, particularly in the 

field of multi-agent end-to-end systems that are able to detect and analyse events and then 

summarize them intelligently. 

2.4 Spatio-Temporal Modelling Approaches 

Spatial-temporal modelling is a key part required for the current video-based traffic 

surveillance systems, which allows learning both spatial properties and temporal properties 

of traffic scenes simultaneously. The fundamental data of traffic video is therefore both 

motion and visual, with visual data in each frame capturing spatial aspects (such as the 

appearance of objects, road surfaces, and contextual elements) and motion capturing 

temporal aspects (such as the behaviour of objects in motion, their interactions, and the 

patterns of their movements over time). However, comprehensive understanding and 

effective detection of accidents and anomaly detection require a combination of both spatial 

and temporal representations. 

The previous traffic monitoring methods mainly centred on the extraction of spatial features 

by image analysis techniques. While they were successful in object detection and scene 

understanding, they failed to capture temporal dependencies and the evolution of movement 

across consecutive frames. Thus, purely spatial methods were not often successful in 

determining collision, unusual driving behaviour, or erratic vehicle behaviour. Likewise, 

temporal-only techniques were insufficient for using visual context to interpret the scene. 

This led to the development of the research track of Spatio-temporal modelling, which 

allowed for modelling all three aspects of appearance, motion, and event progression in the 

surveillance videos. 

The combination of convolutional and sequential learning architectures has greatly enhanced 

the Spatio-temporal modelling capability. The integration of CNN and recurrent networks, 

transformer-based models, Autoencoder-based models, and attention mechanisms has 

significantly enhanced capabilities in traffic analysis, accident detection, anomaly detection, 

and behaviour understanding tasks [48, 51, 52]. The aforementioned techniques are able to 
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create powerful feature representations that can learn complex spatial structures and long-

term temporal dependencies in traffic conditions. 

2.4.1 CNN-Based Models 

Spatial feature extraction in video surveillance and traffic analysis systems relies on the 

primary foundation of CNNs. These convolutional architectures are able to learn the 

hierarchical visual representations automatically by performing convolutional operations, 

and the low-level and high-level features like edges, textures, object contours, vehicle 

shapes, and scene structure can be extracted. CNN models are widely applied in various 

transportation tasks, such as vehicle detection, traffic monitoring, road object classification, 

lane analysis, and accident recognition for intelligent transportation systems. 

One significant benefit of CNN-based methods is that they are able to derive discriminative 

semantic features directly from raw image information. In the field of surveillance, advanced 

architectures like VGGNet, ResNet, InceptionNet, EfficientNet, and YOLO based models 

have shown great improvement in traffic scene understanding and object detection accuracy 

[49, 83]. These models can detect complex traffic patterns, vehicle behaviours, and road 

infrastructure parts under various environmental situations. CNN-based methods have also 

been used in various applications like traffic flow estimation [41], detection of emergency 

vehicles [62], traffic violation monitoring [87], and intelligent accident analysis [89]. 

Recent advancements have further improved the CNN performance by incorporating transfer 

learning, multi-scale feature extraction, and real-time detection mechanisms. High-speed 

video object detection frameworks have proven their ability to detect fast and accurately, 

which can be applied to traffic surveillance applications to decrease the computational 

latency [88]. Also, CNN-based methods have been useful in classifying accident images 

[48], detecting road events [50], and intelligent traffic monitoring systems [86]. 

Although CNN-based models have these advantages, they have limitations in their temporal 

understanding since they simply process each frame without explicitly modelling sequential 

dependencies between frames. As a result, they might not properly detect the motion 

evolution and progression of events in dynamic traffic situations. In the case of 

distinguishing between regular braking and an actual accident, time-series analysis of several 

frames may be necessary and is often more helpful in determining than would an individual 
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frame analysis. This limitation requires temporal modelling architectures to be coupled with 

CNN-based spatial feature extraction architectures. 

2.4.2 LSTM and BiLSTM Models 

CNN-based models are limited in time; thus, RNN-based approaches are extensively utilized 

for sequential analysis of traffic videos, such as long short-term memory and bidirectional 

long short-term memory. These models are particularly used to process temporal data, as 

they can easily store a history of data through internal memory representations, thus allowing 

temporal dependencies and motion dynamics to be modelled over time. 

LSTM networks employ the concept of gating and memory cells: input, forget, and output 

gates regulate the transmission of information in a sequence. This capability enables the 

network to retain pertinent temporal information while rejecting irrelevant patterns. In traffic 

surveillance applications, LSTM models can process vehicles' trajectories, motion 

transitions, sudden behavioural shifts, and changing traffic patterns of accident scenarios and 

anomaly events. This temporal learning ability is very beneficial in terms of accident 

detection on video-based surveillance systems. 

The BiLSTM models also benefit from their temporal modelling since they take sequences 

as input and process them both forward and backward. In contrast to traditional LSTM 

models, which only use the past context, BiLSTM models take into account both past and 

future context to gain more complete knowledge of the event progression. This two-way 

analysis is very useful in accident detection tasks that can be used to better classify incidents 

and recognize anomalies when understanding the context before and subsequent to the 

event's occurrence. 

In recent years, hybrid CNN-LSTM and CNN-BiLSTM models have been shown to achieve 

better results in Spatio-temporal traffic analysis tasks, where the spatial features of the image 

are extracted using CNN and the temporal sequence is modelled using LSTM or BiLSTM 

[51, 53]. In addition, attention-based mechanisms and transformer-like architectures have 

been used to enhance the learning of long-range temporal dependencies and adaptive feature 

representation. For traffic anomaly detection, selective attention mechanisms such as multi-

head self-attention and hierarchical feature reconstruction have been proven to be effective 

when they focus on the spatio-temporal patterns that are relevant to the problem [84]. These 
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methods provide better interpretability, anomaly localization, and temporal consistency in 

complex traffic environments. 

2.4.3 Attention Mechanisms and Transformer-Based Models 

Recurrent architectures, despite their success in sequence modelling, tend to lose information 

when the temporal gap between related events grows large. Attention mechanisms were 

introduced to address this weakness by allowing a model to weigh the relevance of every 

frame or feature against every other, instead of relying on a compressed hidden state passed 

step by step. In traffic surveillance, this ability matters because the visual evidence of an 

accident: sudden deceleration, trajectory deviation, post-collision stillness, may be separated 

by dozens of frames. 

A recent survey by Sabale and Khedkar [4] catalogues the growing family of transformer 

variants applied to surveillance anomaly detection and reports their strong accuracy, while 

also pointing out their heavy computational demands. Building on this direction, Natha et 

al. [22] fused YOLOv8 detections with a CNN-Transformer pipeline for end-to-end road 

anomaly recognition, demonstrating that object-level cues and global attention can be 

combined within a single framework. Attention has also proven useful outside the visual 

domain; Liang et al. [28] employed multi-head self-attention over 1D convolutional features 

to detect abnormal highway sounds, showing the mechanism generalises across modalities. 

Addressing the efficiency concern directly, Chen et al. [84] proposed TA-NET, which uses 

multi-head local self-attention with adaptive hierarchical feature reconstruction to achieve 

efficient traffic anomaly detection. 

Attention has likewise been embedded within recurrent designs. Natha et al. [103] added an 

attention layer to a BiLSTM so the network could emphasise frames carrying anomalous 

motion while suppressing routine traffic, improving both spatial and temporal anomaly 

detection. Similarly, Hameed et al. [122] paired a vision transformer with a recurrent 

network, using the transformer to extract rich spatial descriptors and the RNN to track their 

evolution over time. Across these studies, the trade-off between representational power and 

inference cost remains central when such models are considered for deployment on live 

camera feeds. 
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2.4.4 Temporal Dependency Challenges 

Even though many developments in the field of Spatio-temporal modelling techniques have 

been made, there are still some problems that make it difficult to rely on and scale intelligent 

traffic surveillance systems. A key challenge is the modelling of complex motion patterns 

that occur in practical traffic situations. The temporal representation of traffic scenes is 

extremely complex, as several interacting objects, irregular trajectories, different speeds for 

the vehicles, occlusion, and abrupt behavioural changes are present. 

Another challenge in sequential video analysis is the learning of long-term temporal 

dependencies. While LSTM and BiLSTM networks are suitable for learning temporal 

relationships, they could suffer from vanishing gradients, memory constraints, and higher 

computational complexity in long video sequences. As a result, significant context 

information surrounding the slowly changing anomalous events might be overlooked in the 

course of sequence modelling. 

Another key drawback with large-scale traffic surveillance systems is computational 

efficiency. However, taking into account the real-time application of continuous high-

resolution video streams in ITS and edge-based environments, significant memory, 

processing, and training resources are required, which limits the applicability of deep Spatio-

temporal architectures [35, 37, 64]. In addition, the different environmental conditions, 

including changes in illumination, bad weather, shadows, point of view changes, and video 

quality, have a significant impact on feature extraction and temporal consistency. 

The Class imbalance between normal and abnormal traffic events also poses a challenge for 

model learning. Deep learning models can be heavily biased towards the dominant normal 

traffic scenario and consequently have a limited ability to detect anomalies and be sensitive 

to them, due to the fact that accidents and anomalies are relatively rare events. Moreover, 

most of the current Spatio-temporal models exhibit poor generalization ability in 

heterogeneous traffic datasets and different surveillance conditions. 

To overcome these limitations, efficient, adaptive, and generalized frameworks that can 

perform robust Spatio-temporal learning under a variety of traffic scenarios need to be 

developed. Attention, transformer networks, unsupervised representation learning, and 

hybrid anomaly-driven approaches have emerged in recent years, with potential applications 
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that offer an exciting outlook for enhancing the temporal dependency modelling and real-

time accident detection of intelligent traffic surveillance systems. 

2.5 Autoencoder-Based Anomaly Detection 

Anomaly detection using Autoencoders is a significant research field of the intelligent traffic 

surveillance system and can be used to learn the normal traffic behaviour without 

supervision. Autoencoder-based frameworks, on the other hand, are trained from unlabelled 

data to reconstruct the input information, requiring no large, annotated datasets for 

supervised learning. These models are typically trained with normal traffic patterns, and 

during inference, when there are anomalous events like accidents, sudden vehicle actions, 

and unusual traffic behaviours, the reconstruction error is a lot higher. 

The advantage of the autoencoder-based techniques is to be able to learn complex 

spatiotemporal features from large-scale surveillance video data without extensive manual 

labelling. This is of great benefit in the field of accident detection systems where abnormal 

events are rare and hard to label. Recently, the critical role of deep learning-based anomaly 

detection systems in traffic accident analysis, surveillance monitoring, and intelligent 

transportation systems has been proven [51], [54-56]. These strategies offer strong 

representation learning power for the detection of abnormal traffic events under various 

conditions. 

2.5.1 Convolutional Autoencoders (CAE) 

Convolutional Autoencoders (CAE) are well suited DL approach for incident detection in 

intelligent traffic surveillance applications because they can learn a compact and meaningful 

spatial representation for high dimensional image and video data. In contrast to the 

conventional autoencoders, the CAE architectures feature convolutional operations that 

allow for extracting and reconstructing features, which helps preserve spatial correlations 

and structural information in traffic scenes efficiently. These features underscore the 

significant suitability of CAE models for surveillance applications such as accident 

detection, abnormal vehicle behaviour detection and traffic anomaly detection. 

In this case, when applied to traffic surveillance, CAE-based architectures will be trained 

with a traffic flow of normal traffic to learn the representative distributions of latent features. 

Anomalous events like collisions, sudden vehicle deviations, or irregular motion patterns, as 
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well as traffic disruptions, result in much higher errors in the reconstruction during inference 

when the learned model is not able to reconstruct unseen anomalous patterns. By extracting 

discriminative visual features from surveillance data with deep convolutional techniques, 

traffic detection and classification have been tackled with success [49, 50]. 

Recent studies have also enhanced the capabilities of the CAE-based anomaly detection by 

introducing temporal learning and an event-driven analysis framework. Using a hybrid 

CNN-VAE architecture to get better latent representation learning has been effective in 

addressing vehicular trajectory classification and traffic anomaly detection [51]. 

Furthermore, to achieve automatic traffic event detection in real-time, temporal 

convolutional autoencoder networks (TCANs), which can better capture the Spatio-temporal 

traffic patterns, have been suggested to improve the performance of the traffic anomaly 

recognition in complicated traffic surveillance scenarios [85]. 

While the use of CAE-based approaches has been found to be effective, there are several 

drawbacks. Many of the conventional convolutional autoencoder models are focused on 

spatial reconstruction and do not sufficiently model long-term temporal dependency between 

the video sequences. Furthermore, environmental variations, such as illumination change, 

occlusion, weather effects, and dynamic traffic density, are still important issues in real-

world ITS that affect their performance. 

2.5.2 Variational Autoencoders (VAE) 

Variational Autoencoders (VAE) are the probabilistic version of autoencoder architectures 

and have been applied to traffic anomaly detection research because they are generatively 

learned. Unlike conventional autoencoders, which learn deterministic latent representations, 

VAEs model the latent feature space as a probability distribution, which allows better 

generalization and robust representation learning in the presence of varying traffic 

conditions. 

VAE-based systems are often used in intelligent traffic surveillance systems to learn the 

distribution of normal traffic patterns and identify abnormal patterns by looking for 

abnormal deviations in the latent representation or in the reconstructed patterns. This ability 

to model in a probabilistic way enhances robustness when dealing with complex traffic 

situations, environmental changes, and irregular traffic behaviours. Recent studies showed 

that the hybrids of CNN-VAE can effectively improve vehicular trajectory classification and 
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traffic anomaly detection by extracting spatial features using CNN and modelling the latent 

space in terms of probability using VAE [51]. These approaches work well for representation 

learning and anomaly discrimination in the analysis of surveillance videos. 

There are several benefits to the VAE-based models, such as latent space regularization, 

better generalization of features, and more adaptability to unseen traffic scenarios. These 

features enable them to be ideal for an unsupervised anomaly detection system where 

labelled accident data is scarce. Despite these advances, there are several limitations in 

current VAE-based methods, including degraded reconstruction quality, lack of fine-grained 

spatial details, and high computational complexity, especially for high-resolution and 

realistic traffic surveillance scenarios. Furthermore, it is still a challenge to capture the long-

term temporal dependency in complex traffic scenes.  

2.5.3 Reconstruction-Based Detection Methods 

Reconstruction-based methods are one of the most commonly used methods in the area of 

autoencoder-based anomaly detection for intelligent traffic surveillance systems. The 

principle behind these methods is that models learned from normal traffic conditions can 

accurately reconstruct a normal traffic scene, while anomalous events will generate much 

larger reconstruction errors from learned models because they will deviate from the learned 

traffic models. The mean squared error (MSE), structural similarity index (SSIM), and 

feature-level reconstruction loss are typically used for reconstruction error metrics, which 

are employed to detect abnormal traffic events like accidents, unusual or irregular vehicle 

movements, and traffic behaviours. 

Recently, the combination of reconstruction-based frameworks with deep Spatio-temporal 

learning architectures has attracted increasing research interest to achieve better performance 

in anomaly detection in complex surveillance environments. The hybrid model CNN-VAE 

has shown its ability to classify vehicle trajectories and detect traffic anomalies with 

improved latent feature learning and reconstruction analysis [51]. Additionally, deep 

learning accident detection systems have enhanced the detection of anomalies in traffic 

monitoring videos with adaptive feature extraction and smart event analysis mechanisms 

[54]. Furthermore, deep ensemble models and anomaly-based traffic monitoring systems 

have demonstrated good performance in detecting abnormal traffic behaviours in complex 

traffic and environmental scenarios [55, 56].  
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Although reconstruction-based methods are effective, there are several important challenges 

that still remain. If the reconstruction errors are not significantly different in normal and 

abnormal events, determining whether there is an anomaly in the reconstruction is difficult. 

Moreover, selecting the optimal thresholds for anomalies remains a challenge to the 

reliability of anomaly detection and robustness of the systems. In addition, such frameworks 

are susceptible to the impacts of lighting conditions, climate, shadows, occlusion, and 

camera noise, thereby reducing the detection accuracy in real-world traffic surveillance 

applications. 

2.6 Comparative Analysis of Existing Methods 

After an extensive survey of current traffic surveillance and accident detection methods, it 

can be seen that there are significant variations in the accuracy of detection, complexity of 

computation, scalability, and applicability in real-time. The classic approaches to 

surveillance mainly consist of handcrafted rules (that define the anomalies to monitor), 

statistical modelling, and predefined thresholds for anomaly detection [38, 40]. While these 

approaches are comparatively efficient and easy to implement, they tend to have limited 

adaptability in complex and dynamic traffic environments due to their reliance on manually 

designed features and static decision rules [43, 45].  

Data-driven modelling capabilities for traffic behaviour analysis and accident detection were 

added using ML-based techniques. Feature extraction and classification algorithms 

performed better than traditional methods in detecting the targets [48, 50]. These models, 

however, are still very sensitive to feature engineering and to labelled datasets, which 

reduces their ability to be generalized to other surveillance scenarios. Moreover, traditional 

ML approaches are limited in their ability to model temporal relationships in video frames, 

which is a significant disadvantage for analysing dynamic traffic events.  

Recent studies [51, 53, 54] have shown that DL methods can be effectively used to 

automatically learn spatial and temporal features for traffic anomaly detection. CNN-based 

architectures, recurrent models, hybrid CNN-LSTM frameworks, and attention-driven 

networks have proved to be successful in the recognition of accidents and analysis of traffic 

behaviour, with a high level of accuracy being obtained [66, 67, 84]. Moreover, object 

detection frameworks like those based on YOLO have contributed to the development of 

real-time surveillance systems that achieve more accurate detection and localization in less 
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time [60, 68, 69]. Although these methods are effective, they involve high computational 

processing speeds, a large amount of data, and a lot of computing power, limiting them to 

use in resource-limited systems [64].  

In recent years, developments in IoT and edge computing have improved the responsiveness 

and scalability of the intelligent traffic surveillance system, which can process data in a 

decentralized manner and make decisions locally [35, 36, 37]. They enable real-time 

monitoring of traffic and minimize communication delays in extensive surveillance systems. 

Transformer- and attention-based methods [4], [22], [84], [103], [122] outperform plain 

CNN or LSTM pipelines by capturing long-range temporal dependencies through self-

attention. However, their quadratic complexity and high memory demand limit real-time use 

on edge hardware. Hybrid designs like TA-NET [84] and CNN-Transformer fusion [22] ease 

this burden, yet performance on continuous multi-camera streams remains unverified. 

A comparative analysis of the reviewed methods for accident detection in ITSs, such as fuzzy 

logic-based model, Bayesian-based model, deep learning-based model, anomaly detection-

based model, edge computing-based model, and object detection-based model, is given in 

Table 2.1. They are compared based on their strategies for detection, their significant 

contributions, their areas of limitation, and their research gaps. The analysis reveals a 

consistent trend from the rule-based approach toward complex DL networks and hybrid 

spatiotemporal approaches to increase the accident detection accuracy. 
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Table 2.1: Comparative Evaluation of Existing Traffic Accident Detection Techniques 

Ref. 

No. 

Accident Detection 

Approach 

Detection Technique/ 

Model 
Key Contribution Limitations Research Gap 

[43] 
Fuzzy Logic-Based 

Accident Detection 

Fuzzy inference system 

for VANET accident 

analysis 

Improved uncertainty 

handling in accident 

detection 

Limited scalability and 

adaptability 

Inability to model complex 

traffic behaviour 

dynamically 

[45] 

Fuzzy Bayesian 

Accident Risk 

Analysis 

Bayesian probabilistic 

accident estimation 

Enhanced probabilistic 

accident risk prediction 

Dependent on 

predefined assumptions 

Limited real-time accident 

detection capability 

[46] 

Cooperative 

Vehicle-

Infrastructure 

Detection 

Vehicle-to-

Infrastructure (V2I) 

communication 

framework 

Improved 

communication-assisted 

accident recognition 

Infrastructure 

dependency 

Scalability issues in large 

traffic networks 

[47] 
Traffic Flow-Based 

Accident Detection 

Traffic feature 

extraction and anomaly 

analysis 

Multi-feature traffic 

anomaly recognition 

Limited temporal 

modelling 

Weak sequential event 

understanding 

[48] 

MobileNet + SHAP 

Accident Severity 

Prediction 

Lightweight CNN with 

explainable AI 

Improved explainability 

and severity prediction 

Requires labelled 

datasets 

Limited temporal 

dependency analysis 

[49] 

CNN-Based Traffic 

Accident 

Classification 

Deep CNN feature map 

extraction 

Automatic spatial 

feature learning 

High computational 

complexity 

Weak long-term temporal 

learning 

[50] 

CNN with Mixture 

of Extreme Learning 

Machines 

Hybrid deep learning 

classification 

Improved accident 

image classification 

accuracy 

Sensitive to dataset 

quality 

Poor model generalization 

capability 
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[51] 
Hybrid CNN-VAE 

Accident Detection 

CNN with Variational 

Autoencoder 

Spatial anomaly 

learning and trajectory 

analysis 

Computationally 

intensive 

Limited real-time 

deployment 

[53] 
Video-Based Deep 

Learning Detection 

Sequential video-based 

accident recognition 

Improved accident 

recognition from video 

streams 

Weak interpretability 
Black-box deep learning 

limitation 

[54] 

Vision-Based 

Accident 

Anticipation 

Early collision 

prediction framework 

Accident anticipation 

before occurrence 

High computational 

requirements 

Scalability challenges in 

real-time systems 

[55] 
Optimized Neural 

Anomaly Detection 

Optimized neural 

anomaly learning 

Fast convergence and 

anomaly detection 
Threshold sensitivity 

Increased false alarm 

generation 

[56] 
Deep Ensemble 

Accident Detection 

Ensemble anomaly 

detection framework 

Improved 

generalization 

performance 

Increased model 

complexity 

High computational 

overhead 

[57] 
CCTV-Based Real-

Time Detection 

Surveillance-assisted 

emergency response 

system 

Real-time accident 

monitoring and 

assistance 

Environmental 

sensitivity 

Reduced robustness under 

varying conditions 

[58] 
YoFlow Scenario-

Based Detection 

Scenario-aware 

roadside accident 

localization 

Improved roadside 

accident localization 

Complex scene 

dependency 

Limited scalability across 

environments 

[59] 

Faster R-CNN vs. 

YOLOv8 

Framework 

Comparative object 

detection analysis 

Improved evaluation of 

accident detection 

accuracy 

High resource 

requirement 

Real-time deployment 

difficulty 

[60] 

YOLOV8 

Real-Time Accident 

Detection 

Real-time object 

detection model 

High-speed 

surveillance-based 

accident recognition 

Reduced contextual 

understanding 
Weak temporal modelling 

[64] 
Edge Computing-

Based Detection 

Edge-assisted 

intelligent surveillance 

Reduced latency and 

faster inference 

Infrastructure 

dependency 

Synchronization and 

deployment issues 
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[66] 
Two-Stream CNN 

Accident Detection 

Spatial-temporal dual-

stream CNN 

Improved spatial-

temporal feature 

integration 

Computational 

complexity 
Scalability limitations 

[67] 

Feature Fusion-

Based Crash 

Detection 

Multi-feature fusion 

framework 

Balanced detection 

speed and accuracy 

Feature fusion 

complexity 
Generalization challenges 

[84] 

Attention-Based 

Traffic Anomaly 

Detection 

Multi-head temporal 

attention model 

Improved temporal 

feature reconstruction 

High training 

complexity 

Real-time optimization 

challenges 

[85] 

Temporal 

Convolutional 

Autoencoder 

Reconstruction-based 

anomaly detection 

Real-time traffic event 

detection 

Limited environmental 

robustness 

Sensitivity to traffic 

variability 
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Table 2.2 shows the comparison between existing traffic video summarization methods in 

intelligent surveillance systems. Keyframe-based, Reinforcement learning-based, 

clustering-driven, anomaly-aware, object-level, and YOLO-based summarization 

techniques are also compared. The evaluation reveals substantial progress in summarization 

using events, in semantic feature extraction, and in traffic video abstraction. However, there 

are still many existing methods that have high computational cost, limited temporal 

understanding, low-contextual modelling, scalability problems, and low real-time capability. 

The above restrictions suggest the necessity of an intelligent and efficient framework to 

provide traffic video summarization in dynamic surveillance conditions. 

The comparative analysis shows that there is no single existing solution that 

comprehensively and effectively handles real-world traffic surveillance. While deep learning 

and hybrid frameworks offer promise for enhancing the accuracy of accident detection and 

video summarization performance, many of these methods still face challenges in terms of 

high computational complexity, weak temporal modelling, lack of dataset independence, 

low contextual understanding, and limited generalization capabilities. Likewise, realistic and 

edge-based systems have quicker processing times but can suffer from environmental 

fluctuations and scalability restrictions. The challenges highlight the need for an integrated 

solution that can accurately and efficiently execute traffic surveillance and at the same time 

have the capability of efficient, robust spatiotemporal anomaly detection and intelligent, 

event-based video summarization. 
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Table 2.2: Comparative Analysis of Existing Traffic Video Summarization Approaches 

Ref. 

No. 

Traffic Video 

Summarization 

Approach 

Technique / Model Key Contribution Limitations Identified Research Gap 

[23] 
YOLO-Based Traffic 

Video Summarization 

YOLO with multi-

level masking 

Efficient traffic event 

extraction and surveillance 

summarization 

Increased processing 

overhead due to masking 

operations 

Limited scalability for dense 

traffic videos 

[75] 

Keyframe-Based 

Traffic Video 

Summarization 

Keyframe 

extraction with 

machine learning 

Reduced redundancy in 

surveillance videos 

Limited contextual and 

temporal understanding 

Weak event continuity 

modelling 

[76] 
Adaptive Video 

Summarization 

Behavioural 

profiling-based 

summarization 

Personalized and adaptive 

summarization capability 
Increased model complexity 

Limited robustness across 

diverse traffic scenarios 

[78] 
Event-Based Traffic 

Video Summarization 

Deep reinforcement 

learning 

Improved event-centric 

surveillance summarization 

High computational 

complexity 

Real-time deployment 

challenges 

[79] 
Spatio-Temporal 

Video Summarization 

Reinforcement 

learning with 3D 

U-Net 

Effective spatiotemporal 

feature learning 

Computationally intensive 

architecture 
Scalability limitations 

[80] 

Reinforcement 

Learning-Based 

Summarization 

Progressive 

reinforcement 

learning 

Improved summary 

optimization and event 

selection 

Long convergence time High resource dependency 

[82] 

Clustering-Based 

Traffic Video 

Summarization 

Unsupervised 

cluster analysis 

Automatic traffic video 

abstraction and summarization 

Limited semantic 

understanding 

Weak anomaly-focused 

summarization 
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[101] 

Statistical Video 

Summarization 

Framework 

Statistical 

taxonomy of 

summarization 

models 

Comprehensive categorization 

of summarization approaches 
Mainly theoretical evaluation 

Limited practical traffic 

surveillance validation 

[124] 
Object-Level Video 

Summarization 

Motion 

autoencoder 

framework 

Unsupervised object-level 

event summarization 

Limited contextual scene 

understanding 

Reduced robustness in 

complex traffic scenes 

[136] 
Perceptual Road Event 

Summarization 

Perceptual video 

summarization 

framework 

Efficient road-event 

summarization 

Limited adaptability under 

dynamic traffic conditions 
Weak anomaly generalization 

[137] 
Accident-Focused 

Video Synopsis 

Deep learning-

based video 

synopsis 

Compact accident-focused 

video representation 

Information loss during 

synopsis generation 
Reduced contextual continuity 

[138] 

Detection of Traffic 

Anomaly and 
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2.7 Research Gap and Problem Justification 

Although tremendous efforts have been made in traffic surveillance, accident detection, 

anomaly analysis and video summarization, there are still several key research gaps that 

hinder the effectiveness of the existing ITSs. The lack of a unified approach that combines 

the accident detection and intelligent video summarization is one of the major limitations. 

Most of the proposed existing methods process such tasks separately, resulting in a 

disorganized processing chain, redundant calculations, inefficient surveillance management, 

and high storage costs [136, 140].  

Another important challenge is the heavy dependence on supervised deep learning models 

requiring large-scale labelled datasets for training [52]. In the practical setting of traffic 

surveillance, the number of accident and anomaly events is small and cannot be predicted or 

controlled, making the process of labelling the datasets costly, time-consuming, and hard to 

generalize to cover heterogeneous traffic scenarios. This results in several existing models 

being limited in their scalability and lack of robustness to changes in the environment, traffic 

flow, ambient lighting, occlusions, and weather conditions [56, 74]. 

Recent CNN-LSTM, CNN-VAE, attention-based, and spatiotemporal deep learning 

frameworks have significantly advanced sequential feature learning and anomaly detection 

accuracy [51, 53, 84]. Analogously, the current approaches to traffic video summarization 

tend to concentrate on redundancy reduction and key frame extraction and fail to consider 

semantic continuity, anomaly-aware event prioritization, or contextual traffic understanding 

[75, 78, 136]. Moreover, reinforcement learning, transformer, and attention-based 

summarization models are often complex and not applicable in real-time settings for large-

scale surveillance systems [28, 80, 84, 122]. 

However, another big drawback is the lack of interpretability and transparency in the DL 

based surveillance systems. The current accident detection and anomaly analysis methods 

are all black-box methods, and the interpretation of the decisions is difficult in the 

application of intelligent transportation systems with safety requirements [48]. Moreover, 

anomaly detection models based on reconstruction have some difficulties in identifying low-

likelihood anomalies as they are easily confused with normal traffic, causing high false alarm 

rates and poor detection accuracy [55, 56].  
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It is evident from the above-mentioned limitations that there is a definite need to create an 

integrated intelligent traffic surveillance framework with the capability for simultaneous 

anomaly detection and intelligent video summarization that is scalable, robust, and efficient 

in computation. The proposed research aims to propose an unsupervised spatiotemporal 

anomaly detection framework using event-oriented video summarization techniques and an 

autoencoder as a feature learning method. The overall objective of the proposed model is to 

achieve better detection accuracy, better computational redundancy reduction, better storage 

space utilization, and better real-time surveillance performance in various traffic situations 

by combining all four aspects. This complete solution is anticipated to strengthen the 

advancement of ITS that has strong and scalable capabilities for practical traffic surveillance 

applications.  

Based on the aforementioned problems, there is a need for the development of integrated, 

scalable and computationally efficient traffic surveillance frameworks capable of 

simultaneously accomplishing the anomaly detection and intelligent video summarization 

task. To address these problems, two intelligent traffic surveillance analysis frameworks, 

CVAE-ADS and Conv-BiLSTM are proposed in the presented research. The proposed 

frameworks are designed to improve the performance of spatiotemporal anomaly detection, 

traffic event understanding, and video summarization, and reduce the computational 

redundancies and maximize the intelligent surveillance capability under various traffic 

scenarios. These comprehensive systems are anticipated to help build robust and efficient 

ITS solutions, applicable to real-world surveillance scenarios. 
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Chapter 3: Theoretical Background and Foundations 

3. Theoretical Background and Foundations 

The chapter introduces the theoretical background that lays the foundation for the proposed 

framework for event-based video summarization in traffic surveillance. To understand the 

design decisions formalized in Chapter 4, it is essential to have a firm understanding of the 

core concepts, ranging from video data analysis and deep learning architectures to 

autoencoder models, temporal modelling, clustering, similarity measures, and evaluation 

metrics. Each section presents the theory, puts it into the context of the overall problem of 

traffic incident detection and summarization. It provides conceptual foundations for the 

proposed models: CVAE-ADS and the Conv-BiLSTM autoencoder-based framework. 

3.1 Fundamentals of Video Data Analysis 

The video data is a series of image frames that contain a series of visual states of a scene at 

specified points in time, or frames. In a traffic surveillance application, the continuous 

stream is created using a stationary camera at the intersections in urban areas, arterial roads, 

expressways, and along highway stretches. To analyse such data requires a knowledge of the 

spatial meaning of each frame as well as the temporal meaning of the relationship between 

successive frames. Video streams encode motion, velocity, trajectory, and contextual 

transitions (e.g., caused by traffic accidents on the road) that are essential for identifying 

dynamic events, as opposed to still images [95]. The raw video representation may be 

represented as a 4D array of T × H × W × C, where T represents the number of frames, H 

and W represent the number of pixels in the image's height and width, and C denotes the 

number of colour channels, typically three for RGB data, used to represent the images. This 

high-dimensional representation contains a lot of redundancy, as in a normal traffic scene, 

neighbouring frames are only slightly different, so efficient compression and summarization 

methods are needed [96]. 

3.1.1 Characteristics of Surveillance Video 

The video produced by surveillance systems has a number of special features that distinguish 

it from consumer video data in traffic environments. First, recordings are made by stationary 

cameras, which have a fixed field of view and a fixed number of frames per second (usually 

15–30 frames per second). This results in a relatively static background with dynamic 
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elements (cars, people, and bikes) coming in and out of view. The static background makes 

the modelling of the background scenes easier, but it also makes the background estimation 

susceptible to slow variations in illumination, which may damage it [97].  

Second, the occurrence of events in surveillance video is highly biased in terms of their 

timing. The vast majority of recorded footage will consist of normal traffic flow, and 

abnormal events (collisions, sudden braking, near misses) are unpredictable and rare. Such 

class imbalance is a structural problem in supervised detection systems since they are 

optimized for the majority class. It is one of the key reasons for using the unsupervised 

anomaly detection techniques, in which normal traffic data are used for the training and 

anomaly detection occurring during test time in both the proposed models [98].  

Thirdly, environmental degradation is a common occurrence on surveillance footage. The 

amount of light that falls on an object can change drastically between day and night, creating 

a striking contrast in how objects look during the day versus night. In particular, Yang et al. 

[97] faced this challenge and proposed a depth-aware and domain-adaptive network to 

ensure the stability of crash detection under different lighting conditions. Other 

environmental conditions are lens flare, shadowing caused by vehicles and infrastructure, 

motion blur due to rain, and occlusion (when multiple vehicles are in the same camera 

frame). These situations add variability, which a good detection system should deal with 

without deteriorating its performance [99]. 

Fourth, surveillance footage resolution, compression codec, and frame rates are also 

different in different deployment scenarios. High-resolution recordings will have more 

spatial information but will be more demanding of computation, and highly compressed 

footage might have block artifacts, which will affect feature extraction. This heterogeneity 

is handled in the proposed framework by normalising all input frames to a fixed resolution 

of 128 × 128 pixels and normalising the values of each pixel by pre-processing all the frames 

to be in the range [0, 1] to ensure consistent input statistics, irrespective of the frame 

originating camera system. 

3.1.2 Challenges in Video Processing 

The urban-scale processing of surveillance video introduces a number of well-known issues. 

There's a lot of data produced. Kim et al [96] mentioned that the deployment of a large 

number of traffic cameras presents a non-trivial infrastructure challenge in the storage and 
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indexing of the continuous camera data at scale, as well as storing and retrieving the data 

requires infrastructure development. Within each stream, a camera recording at 720p, 25 

frames per second (fps) will result in roughly 1.5 GB of raw data being produced per hour. 

Thus, a city-wide camera network of hundreds of cameras generates petabytes of video every 

year, which is far too much to manually review and requires automated video analysis 

pipelines. 

In terms of computation, real-time video processing has very strict latency requirements. 

The inter-frame time is 40 ms (at 25 frames per second), during which each frame needs to 

be decoded, pre-processed, and evaluated. This throughput would need to be achieved 

without compromising detection accuracy through architecturally efficient models. Recent 

developments in edge computing and systems with 5G connectivity have extended the 

operating range, allowing the distribution of computation across the network [95, 100]; 

however, the balance between accuracy and speed is always a design factor. 

The fact that surveillance video is redundant adds to the cost of processing. Most of the 

frames show normal, boring traffic, so performing the same computation on every frame is 

not a good use of resources. Effective video summarizing can do that and compress by a 

factor of 70 percent or more while retaining the content significant for post-incident analysis 

and only those frames that are considered relevant to the event [101, 102]. 

A further challenge is the need to model temporal context. Accidents are not just single 

frames: they are sequences of frames and can be identified reliably only by observing the 

temporal dynamics of the scene. When performed on a frame-by-frame basis without regard 

to time sequence, such an analysis can miss the pre-impact dynamics, the time of impact, 

and the post-impact scatter that make up an accident event. This encourages considering 

sequence-based temporal models, BiLSTM networks, as described in Section 3.5 [103, 104]. 

3.2 Deep Learning Fundamentals 

Deep learning is an umbrella term used for a wide variety of ML methods that utilize 

multilayer ANN (Artificial neural networks) to extract hierarchical feature representations 

in data directly from the raw data. It learns task-relevant representations automatically from 

large training sets, using gradient-based optimization, instead of the need for hand-made 

features designed by domain experts. It has been successfully used in various applications 

of computer vision, Natural language processing, and speech processing. Its use for video 
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traffic surveillance has resulted in significant improvements in detection accuracy and in 

system robustness [105, 106]. 

3.2.1 Overview of Deep Learning Architectures 

The basic component of a DL model is the artificial neuron, which takes some input, 

computes a weighted sum of the inputs, which is then passed on to the next layer along with 

a non-linear activation function. The stacking of neurons in layers and the layers in deep 

hierarchies enables the model to model very complex, nonlinear mappings between inputs 

and outputs. Architectural families provide different inductive biases on neuron 

connectivity, suitable for different data modalities, and enforce such structural constraints. 

Convolutional Neural Networks (CNNs) use shared filter kernels to take advantage of the 

spatially local and translation-invariant nature of image data. This decreases the number of 

parameters as opposed to fully connected networks while maintaining the spatial structure 

of the learned features. To process temporal data, architectures with memory, such as 

Recurrent architectures like LSTM, can be used, since they have a hidden state, which stores 

information from previous inputs. The most important and central to the present work is the 

encoder-decoder family, which learns a compact latent representation for the input data and 

then asks the decoder to regenerate the original input; important to reconstruction-based 

anomaly detection and latent space-based video summarization [107, 108]. 

Advanced architectures like GANs (Generative Adversarial Networks) as well as Variational 

Autoencoders (VAEs) can learn the probability distribution of the training data and therefore 

generate new data samples similar to the training data. Specifically, here, VAEs can be 

utilized as a principled probabilistic method for learning smooth, structured latent 

representations for both reconstruction-based anomaly scoring and clustering in latent space 

for key-frame selection [109, 110]. 

3.2.2 Learning Paradigms 

Deep learning models can be broadly classified into three learning paradigms: supervised, 

semi-supervised, and unsupervised learning. The different paradigms assume various forms 

of labelled training data, and this has various implications for deployment in real-world 

traffic surveillance. 
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Supervised learning involves examples of raw inputs and ground truth labels. For example, 

a supervised accident detector would be fed with a set of images, each with a label indicating 

whether the image belongs to a normal or accident situation. If there is enough labelled data, 

supervised models can have a high level of precision. Traffic accidents, however, are rare 

and labour-intensive to annotate, leading to small, domain-specific, and costly datasets. 

Models that have been trained on data in one geographic or environmental context are likely 

not to work well when applied to data from another context [111, 112]. 

Unsupervised learning does not involve any labelled data. In this paradigm, models are used 

to model the structure of the training distribution based on the raw observations in the input. 

Anomaly detection involves building a model that is trained only on normal traffic footage 

and learns the reconstruction of normal traffic with low error. During test time, frames that 

are significantly different than the normal distribution to be learned result in more significant 

reconstruction errors that can be used as anomaly scores. In the process, it has the potential 

to be scalable because there is an abundance of unlabelled surveillance footage. The 

detection strategy proposed in this research, based on the reconstruction of the image, fits in 

this paradigm [109, 113, 114]. 

3.2.3 Loss Functions and Optimization Techniques 

Loss functions and optimization techniques play a crucial role in deep learning systems, 

affecting a neural network's learning behaviour during training. In deep learning 

architectures, the primary objective is to minimize the gap between predicted outputs and 

actual target values by continuously updating the trainable parameters of the network. These 

can have a profound effect on the convergence, prediction accuracy, and generalization of a 

DL based Models [105, 114]. 

➢ Loss Functions: 

Mean Squared Error (MSE): This is one of the most widely used loss functions for 

reconstruction-based approach such as Autoencoders [108]. It evaluates the mean square 

error of the difference between the given input and the reconstructed output. MSE places 

more weight on larger reconstruction errors and thus is effective for reconstruction learning 

and anomaly detection tasks. 
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Kullback–Leibler (KL) Divergence: For the Variational Autoencoders (VAEs), KL 

Divergence is employed to regularize the distribution of the latent features, such that it is 

close to a standard Gaussian distribution [109]. By using KL divergence, the continuity and 

structure of the latent space can be maintained, thus allowing for efficient feature 

representation and generation. 

Combined VAE Loss Function: The complete loss function of a VAE consists of 

reconstruction loss and KL divergence regularization loss [113]. 

➢ Optimization Algorithms: 

The process of adjusting the parameters of the model to minimize the loss function is known 

as optimization in Deep learning. This is usually done by a various algorithm.  

Gradient Descent: It is the basic optimization algorithm. It is used to reduce the loss 

function by taking steps in the opposite direction of the gradient of the loss. 

Adaptive Moment Estimation (Adam): This is the widely used optimization technique in 

deep learning; it has the advantage of computational efficiency and adaptive learning. It 

adaptively adjusts the learning rate per parameter by keeping an exponentially moving 

average of the gradients (first moment) and their square (second moment) [115]. 

AdamW: AdamW is an improved version of Adam that separates weight decay 

regularization from updating the gradient. In contrast to standard Adam, AdamW applies an 

L2 penalty directly to the parameters and not in the gradient calculation. It is a more stable 

method to train networks, particularly in the deep network setting with a large parameter 

space, and it is a more successful method for obtaining good generalization [108, 118]. 

Learning Rate (LR) Scheduling:  

It is very important to choose the best learning rate for the whole training process. Learning 

rate scheduling dynamically adjusts the LR in training, which enhances the stability and 

convergence speed of the training process. In the beginning, a large learning rate is used to 

learn quickly, and then, a small LR is used in the latter stage to fine-tune parameters. For 

stabilizing training and performance improvement of the model, various approaches, such 

as cosine annealing and warm-up scheduling, have been adopted [118]. 
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Regularization and Gradient Control: When there is little surveillance data or the classes 

are not evenly distributed, regularization and gradient control are important to make sure 

that the unconstrained optimization is done properly. Regularization techniques are thus used 

in conjunction with the loss objective: 

• L2 Regularization (Weight Decay): This is a method that makes sure that the 

weights do not become significantly large by adding a penalty term in the loss 

function. This works to decrease overfitting and makes for smoother decision 

boundaries. 

• Dropout: in training, randomly drop a small proportion of neurons to ensure that 

none of the neurons co-adapt, thus strengthening the model's robustness and 

generalization ability.  

• Batch Normalization: It normalizes the activations of intermediate layers to have 

a mean of 0 and variance 1 for each mini-batch. This makes the gradient flow more 

stable, helps with convergence, and makes it possible to use higher learning rates 

for training. 

• Gradient Clipping: This is a method to prevent exploding gradients in some 

architectures, such as LSTM and BiLSTM networks for long temporal sequences. 

As a whole, these loss functions, optimization algorithms, and regularization techniques play 

a pivotal role in achieving stable convergence, efficient feature learning, and improved 

generalization. Their incorporation is pivotal in boosting the resilience and performance of 

DL models for computer vision, incident detection, and smart surveillance systems. 

3.3 Convolutional Neural Networks (CNNs) 

The most popular family of architectures to process visual data is Convolutional Neural 

Networks. They can learn hierarchical spatial representations from raw pixel data inputs, 

which has made CNNs the standard backbones in object detection, semantic segmentation, 

and video analysis. In the proposed framework, the CNNs are used as the spatial feature 

extraction component of both the CVAE and Conv-BiLSTM Autoencoder models, which 

compactly represent the visual information in each frame before temporal modelling or latent 

space inference [105, 106]. 
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3.3.1 Architecture and Components 

A typical CNN consists of alternating layers of convolutional layers, nonlinear activation 

functions, and pooling layers, and possibly fully connected layers that generate a final 

prediction. 

A convolutional layer is composed of a set of learnable filter kernels, each of size k×k×Cin, 

and slides over the input feature map, computing dot products between the input patch at 

each spatial location and the different filters. The output of this operation is a two-

dimensional activation map for each filter, which is then stacked together into a three-

dimensional output tensor with shape Hout × Wout × Cout, with Cout being the number of filters. 

Since the weights are shared for all the spatial positions, the number of trainable parameters 

per position in the convolutional layer is also independent of the spatial size of the input, and 

therefore, the model can be trained efficiently even for high-resolution inputs [105]. 

The non-linearity is introduced by activation functions, necessary to enable the network to 

approximate complex mappings. Rectified Linear Unit (ReLU) is the widely used 

nonlinearity function in modern CNNs, defined as f(x) = max(0, x). ReLU has the effect of 

suppressing all negative activations and keeping all positive ones unchanged, is cheap to 

compute, and avoids the vanishing gradient problem that can occur with sigmoid and 

hyperbolic tangent activations in deep networks, thus speeding up convergence in training 

[115]. 

Pooling layers spatially downsample by combining the activations in local regions. The most 

popular one is max pooling, which keeps the max activation value in each non-overlapping 

pooling window and removes fine spatial details, thus achieving some translation invariance 

and retaining the strongest activation values. The encoder branch of both proposed 

autoencoder architectures uses max pooling, which decreases spatial resolution but increases 

the semantic level of the representations learned. 

On the other side, in the decoder part, the transposed convolutional layers reverse the 

downsampling process by upsampling feature maps back to the original input size. This 

allows them to reconstruct a complete-resolution frame from a small latent code, as in both 

models, an anomaly detection approach is based on reconstruction. 
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3.3.2 Feature Learning Mechanism 

One of the most important characteristics of deep CNNs is hierarchical feature learning. The 

first few convolutional layers capture local features like oriented gradients, edges, and colour 

changes. These are then used to generate intermediate layers, which represent mid-level 

information like texture, boundaries of objects, parts of vehicles, etc. The deeper layers are 

used for the high-level semantic concepts, e.g., vehicle configurations, lane structures, and 

inter-vehicle spatial relations. This hierarchical representation is especially useful in traffic 

surveillance applications, as the difference between normal traffic scenarios and accident 

ones can be detected at the level of scene semantics (e.g, relationships of spatial and 

contextual relationships between vehicles) [98, 108] and not at the pixel level. 

CNN layers used in a time-distributed fashion, i.e., by applying the same spatial CNN 

operations independently to each frame of a temporal sequence, are efficient spatial feature 

extractors. The features extracted can then be input to a temporal modelling component for 

sequence learning. The Conv-BiLSTM Autoencoder design consists of time-distributed 

convolutional layers, which learn the spatial features from each frame, followed by stacked 

BiLSTM layers that learn the temporal dependencies across the sequence. 

3.4 Autoencoder Models 

Autoencoders are a family of neural networks whose overall goal is to reconstruct the input 

signal, using a low-dimensional bottleneck representation. The network is divided into two 

parts: an encoder that transforms the input to a compact latent code and a decoder that 

transforms back to the original input space to create a reconstruction. The model is forced to 

learn a compact representation that carries a lot of information by discarding redundant or 

irrelevant details from the bottleneck. Autoencoders trained only on normal data are able to 

reconstruct normal patterns with low error, while giving high reconstruction error to 

anomalous data inputs that fall outside of the learned normal distribution. This is a property 

that renders autoencoders natural choices in the context of unsupervised anomaly detection 

in surveillance environments [116-118]. 

3.4.1 Convolutional Autoencoder (CAE) 

In the basic autoencoder, the fully connected layers of the original autoencoder are composed 

of a sequence of layers. An encoder consists of convolutional layers, and a decoder contains 
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transposed convolutional layers, resulting in a Convolutional Autoencoder (CAE). Unlike 

the fully connected autoencoders, which would have too many parameters to support high-

resolution inputs, this modification maintains the spatial structure of the image data 

throughout their encoding and decoding process, making CAEs much more suitable for 

image and video inputs. The encoder of a CAE is a sequence of convolutional and max-

pooling layers, which extract the hierarchical spatial features and gradually downsample the 

spatial dimension. The compact feature map at the bottleneck is the latent representation. 

The decoder then uses transposed convolutional layers to gradually upsample this 

representation into the original input resolution to get the reconstructed frame.  

Figure 3.1 shows the architecture of the Convolutional Autoencoder model used in this 

research. Wang and Yang [118] showed the feasibility of using a CNN-Recurrent-based 

Convolutional Recurrent Autoencoder for video anomaly detection, which jointly models 

the spatial and temporal dimensions of videos. The standard convolutional autoencoder 

configuration is used as the Baseline CAE for this research, which is the main CAE model 

for comparisons with the proposed models. 

3.4.2 Variational Autoencoder  

The Variational Autoencoder is a variant of the Autoencoder in which the latent space is 

replaced by a probabilistic structure, as shown in Figure 3.2. The VAE is different than a 

regular autoencoder because when the input is fed into the encoder network, the VAE 

produces two vectors representing the mean and variance of a probability distribution in the 

latent space. This is a way of mapping the input to an area of potential representations, not 

one fixed point. Then, a point in the distribution is sampled by applying the 

reparameterization method, where the latent vector is found by scaling and shifting the 

 
Figure 3.1: Convolutional Autoencoder model architecture 
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independently sampled Gaussian random noise with the learned mean and variance. This 

reformulation allows gradients to pass through the learnable parameters during 

backpropagation without any restrictions.  

The latent vector is then passed to the decoder, which is similar to the encoder but works in 

reverse, slowly increasing the dimensionality of the compact vector back to the 

dimensionality of the original input to give the reconstructed output [109]. Optimizing two 

conflicting goals At the same time is part of training the VAE. The KL divergence loss acts 

as a regularizer, which ensures the learned latent distributions do not deviate too far from a 

typical Gaussian prior distribution, and the reconstruction loss ensures that the decoded 

output is close to the input. This regularization is crucial because it will force the model to 

structure the latent space in a smooth, continuous, and systematic manner instead of simply 

memorizing the training data. The latent space is shaped into a useful and navigable 

representation by striking a balance between these two losses.  

Once the training is completed, the VAE can be used as a generative model to generate new 

samples of data directly from the prior distribution and pass them through the decoder. For 

nearby latent points, the outputs will be semantically similar. The continuity property is 

directly used in the video summarization part of the CVAE-ADS model to cluster visually 

similar frames of the accidents in the latent space to select keyframes using K-Means 

clustering [114, 121]. Taking a similar approach as the above, Yu and Huang [116] used an 

encoder-decoder model for anomaly detection of driving trajectories in a spatiotemporal 

context and again found that the reconstruction error thresholding is generally an anomaly 

criterion. To validate the theoretical basis of CVAE-ADS, Zhang et al. [117] further 

extended the VESC model, including variational constraints to enhance the ability of 

anomaly discrimination. 

 
Figure 3.2: Variational Autoencoder model architecture 
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An and Cho [109] gave a theoretical argument for using the reconstruction probability of a 

VAE as an anomaly score, which provides the guarantee that inputs with low reconstruction 

probability are reliably anomalous. Nguyen et al. [113] performed a comparative study, and 

the result shows that the VAEs-based reconstruction scores have always been better than 

deterministic autoencoders for anomaly detection tasks. This was later proved to be an 

effective method by Iqbal and Qureshi [114] on a variety of anomaly detection benchmarks. 

This was later extended to traffic video specifically by Aslam and Kolekar [121], who 

introduced an attention-augmented VAE for traffic anomaly detection, which is able to 

localize the anomaly better.  

3.5 Temporal Modelling Techniques 

Spatial models, like CNNs, have proven to effectively model the visual content of each 

image, but they work on each image individually and thus cannot completely model temporal 

evolution for events in video. Traffic accidents are temporal events in nature: recognising an 

accident requires following the development of the traffic scene in time: the approach 

dynamics before the impact, the impact itself, and the scatter of the participants after the 

crash. Temporal modelling techniques are therefore an important complement to spatial 

feature extraction in a video surveillance system [103, 107, 122]. 

3.5.1 Recurrent Neural Networks 

RNNs are a family of networks that are built to process sequences of data by keeping an 

internal hidden state ht that is passed forward in time and depends on the current input xt 

and the previous hidden state ht−1: 

ht = f(Whht−1 + Wxxt + b)                                        (3.1) 

Here, Wh, Wx and b are learnable weight matrices and bias vectors, respectively, and f is a 

non-linear activation function. The hidden state is a vector of accumulated information about 

the history of the input sequence, which allows the network to make context-dependent 

predictions. This gives an RNN the ability, in theory to model dependencies between events 

that occur many time steps apart. 

In reality, standard RNNs are known to suffer the vanishing gradient problem: when training, 

the gradients are propagated backwards over many time steps, and the gradient is multiplied 
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in each step, making it impossible to learn dependencies of more than a few time steps. This 

is particularly problematic in the case of accident detection, which may be many frames in 

advance of the actual visual perception of the accident. The LSTM network was created with 

this limitation in mind [104]. 

3.5.2 LSTM and BiLSTM Networks 

LSTM network uses a gated memory cell to selectively retain or discard information in long 

sequences, thus alleviating the vanishing gradient problem. LSTM has two kinds of state 

vectors: one is ct, which is used to store long-term information, and the other is ht, which is 

used to generate short-term output. As seen in Figure 3.3, there are three different gating 

mechanisms, which are the forget gate, input gate, and output gate, to control the flow of the 

information into, through, and out of the cell, respectively. Forget gate: Decides whether to 

keep or not from the previous cell state. 

ft = σ(Wf[ht−1, xt] + bf)                                           (3.2) 

Input gate: Supports adding new information to the cell state 

it = σ(Wi[ht−1, xt] + bi)                                          (3.3) 

Output gate: Used to control the information exposed by the hidden state. 

ot = σ(Wo[ht−1, xt] + bo)                                        (3.4) 

The internal states are updated in the following manner: 

ct = ft ⊙ ct−1 + it ⊙ tanh (Wc · [ht−1, xt] + bc) and              (3.5)    

 
Figure 3.3: Internal Architecture of an LSTM Cell 

    



65 

 

ht = ot ⊙ tanh(ct)                                               (3.6) 

The gating mechanism allows LSTM to selectively remember useful long-range context and 

to forget unimportant details, which makes it very suitable to model the multi-frame 

temporal structure of traffic events. Ashraf et al. [120] showed that using an LSTM 

Autoencoder to learn the normal patterns in ITS data is an effective approach to detecting 

anomalies, thereby validating the use of LSTM-based reconstruction in traffic anomaly 

detection. Natha et al. [103] also showed that a deep BiLSTM attention model gives good 

spatial and temporal incident detection performance for surveillance applications. The 

BiLSTM is an enhancement of the LSTM, which can process the input sequence in both 

temporal directions, forward and backward, simultaneously. There are two independent 

LSTM networks: forward network (t =1, ..., T) and backward network (t = T, ..., 1). The 

hidden states of both passes are then joined together at every time step to make up the 

representation, as shown in Figure 3.4: 

ht = [ht
(forward)

; ht
(backward)

]                                         (3.7) 

This bi-directional structure gives the representation of each frame context from the past and 

the future in the sequence window. For accident detection, it could be that the model can 

consider the dynamics of the vehicles before and during the accident to describe the frame, 

significantly enhancing the accuracy of the accident detection compared with the 

unidirectional LSTM that only observes past information. In the field of summarization, 

Zhang et al. [107] showed this advantage in the video summarization domain where LSTM-

based sequence models can better capture temporal relationships between frames than frame-

independent approaches. This was further extended by Lin et al. [104] with hierarchical 

 
               Figure 3.4: Bidirectional LSTM (BiLSTM) Architecture 
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LSTM networks, which bring together multi-scale temporal modelling and attention 

mechanisms for video summarization.  

3.6 Clustering and Similarity Measures 

The goal of video summarization is to compress a bunch of frames into a smaller group of 

frames that reflects the significant information of the scene. In the case of accident detection, 

this means picking a few representative images from a series of detected unusual events. 

This can be considered as a grouping problem, in which frames with similar visual and 

semantic contents are grouped together and a representative frame is selected from each 

group. 

This is done using clustering and similarity measurement techniques. Clustering is used to 

cluster frames according to the similarity of the features and similarity measures to prevent 

redundant frames from being selected for the final summary. Of the many methods, K-Means 

clustering is a popular technique for clustering representations of features, while the 

Structural Similarity Index (SSIM) is a suitable method for determining visually similar 

frames [125-127]. 

In this work, such techniques are integrated into the video summarization pipeline to 

guarantee compactness and informativeness of the generated video summary. Chapter 4 

shows a detailed implementation of the summarization process. 

3.6.1 K-Means Clustering 

K-Means is an unsupervised method that is used for dividing the n data points into K 

different clusters according to the similarity of features [124]. The algorithm clusters a set 

of data given in a d-dimensional feature space in a way that minimizes the distance between 

the data points and the centroid of the clusters. It's an iterative process in which there are 

two steps: 1) Associate each data point with the closest centroid, and 2) update each centroid 

to the average of all the points it is associated with. This procedure is repeated until 

convergence is reached. 

Clustering is usually performed in the context of summarising video on feature 

representations of frames as opposed to raw pixel data [126, 127]. This helps to ‘group’ 

similar events or visual patterns more effectively. A representative frame is then chosen for 
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each cluster, typically according to how close it is to the centroid of that cluster, so as to best 

represent its characteristics. The other metric used was Structural Similarity Index (SSIM). 

3.6.2 Structural Similarity Index (SSIM) 

Once representative frames are found, one needs to remove redundancy so that one doesn't 

get visually similar frames in the final summary. This is accomplished via similarity 

measures, which measure the similarity between two images. A perceptual index that is 

based on contrast structure and luminance information to measure the similarity of an image 

[125]. SSIM is aligned with human visual perception as opposed to pixel-based error metrics. 

Candidates are evaluated with SSIM in comparison with the already selected frames. Once 

the similarity is above a certain threshold, the frame is assumed to be redundant and rejected. 

This makes sure that only informative frames are included in the final summary, and they 

should not be repeated [123].  

However, due to the SSIM's immunity to illumination and contrast, it is especially 

appropriate for surveillance videos taken under varying environments. Consequently, it can 

enhance the diversity and quality of the video summary generated. Through SSIM, every 

candidate frame is compared with the selected frames. Once the similarity is above a certain 

threshold, the frame is assumed to be redundant and rejected. This makes sure that only 

informative frames are included in the final summary, and they should not be repeated. This 

is due to the fact that SSIM is insensitive to changes in illumination and contrast, rendering 

it more suitable for surveillance videos recorded under varying environmental conditions 

[123]. Consequently, it can enhance the diversity and quality of the video summary 

generated. 

3.7 Evaluation Metrics 

It is necessary to have a comprehensive assessment framework to determine the 

effectiveness of the proposed models and to facilitate a fair comparison with existing models. 

As the framework covers two tasks, accident detection and video summarization, different 

evaluation criteria are used for each task, consistent with the goals of the respective tasks. 
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3.7.1 Accident Detection Metrics 

The incident detection problem is treated as a binary classification problem: either normal 

(negative) or accident (positive) [123, 128]. As such, standard classification metrics are 

applied. 

Accuracy is a measure of the overall correct prediction: 

Accuracy =
TP+TN

TP+TN+FP+FN
                                         (3.8) 

However, in a scenario of surveillance data, because of class imbalance, accuracy is not 

enough [128]. Hence, other measures are taken into account. 

Precision measures how accurate positive predictions are: 

Precision =
TP

TP+FP
                                               (3.9) 

Recall (Sensitivity) is the percentage of actual accident frames that have been detected: 

   Recall =
TP

TP+FN
                                               (3.10) 

The harmonic mean between precision and recall is called the F1-Score, which is a balanced 

measure of performance: 

F1 =
2⋅Precision⋅Recall

Precision+Recall
                                           (3.11) 

 

The AUC-ROC is a measure of discrimination that is independent of a threshold setting. It 

is a measure of the probability for the model to give a higher anomaly score for accident 

frames than normal frames. Scores nearer 1 are signs of better performance. [128] 

The Equal Error Rate (EER) defines an operating point of the system where the False 

Acceptance Rate and False Rejection Rate are identical. An EER close to 0 represents a 

better balance between false alarm and miss detection rate. These measures collectively 

make up a comprehensive and diverse assessment of the effectiveness of accident detection.  

Also, to gain a deeper insight into classification performance, analysis of the confusion 

matrix is used to present a detailed understanding of the number of TPs, TNs, FPs, and FNs. 
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These metrics, combined with each other, allow a detailed analysis of the detection 

performance in different traffic and dataset characteristics. 

3.7.2 Video Summarization Metrics 

Similarly, video summarization evaluation should be based on compression efficiency, the 

visual quality of the summary, and content diversity [124-126]. 

The Reduction Rate is a measure of the compression rate: 

Reduction Rate (%) = (1−
Nsummary

Noriginal

) × 100                           (3.12) 

The greater the value, the more the length of the video will be reduced, but with a higher 

level of information retained. 

Peak Signal to Noise Ratio is used to measure the quality of the reconstruction. 

PSNR = 10 ⋅ log10 (
𝑀𝐴𝑋𝐼

2

MSE
)                                       (3.13) 

Higher PSNR values correspond to a better fidelity between the original and reconstructed 

frames. 

The Diversity Rate is the rate of uniqueness of the selected keyframes: 

Diversity Rate = 1 − mean(SSIM(fi, fj)), i ≠ j                     (3.14) 

A high Diversity score indicates that the summary is not repetitive or redundant across 

different aspects of the event [125-127]. 

The quality of the clustering in the latent space is measured using the silhouette score [124-

126]. Clusters that are close to 1 are well-separated and compact, making them suitable for 

effective keyframe selection. 

s(i) =
b(i)−a(i)

max(a(i), b(i))
                                                (3.15) 

where a(i) represent the intra-cluster distance and b(i) is the nearest-cluster distance. 

Silhouette scores are clearer and more compact when higher. 
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Overall, these summarization metrics make sure that the generated summaries are shorter, 

informative, diverse, and visually consistent. The evaluation is holistic because of the 

inclusion of clustering quality, redundancy reduction/reconstruction fidelity. 
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Chapter 4: Proposed Model and System Architecture 

4. Proposed Model and System Architecture 

In this chapter, the proposed methodology for an event-based video summarization system 

for a traffic surveillance application is presented. It relies on two deep learning architectures, 

referred to as Convolutional Variational Autoencoder for Accident Detection and 

Summarization (CVAE-ADS) and Conv-BiLSTM Autoencoder, both of which follow a 

reconstruction-based unsupervised learning paradigm and are able to detect anomalous 

events in continuous video streams without relying on annotated training data. The design, 

architecture, and operational logic of each component of the proposed framework are 

thoroughly described in the chapter. 

The chapter motivates the proposed framework, provides a conceptual overview of the end-

to-end system workflow, an architecture description of both the proposed models, the 

accident detection framework, the video summarization pipeline, and the full algorithmic 

workflow of the proposed system. All of these elements form a full technical foundation of 

the proposed system that makes it possible to detect accidents accurately and to create video 

summaries of raw traffic surveillance footage that are both concise and informative. 

4.1 Motivation for the Proposed Framework 

One of the challenges of the present time is the huge amount of traffic surveillance footage 

produced by the modern smart city infrastructure and how to extract useful and actionable 

information promptly and accurately from the continuous streams of footage [106]. Traffic 

monitoring systems are typically manual, relying on pre-labelled data sets, and are thus 

resource-intensive and impractical at scale [112]. This constraint drives the need for an 

automated and intelligent framework for efficient and accurate identification of accident 

events and creation of video summaries with minimal human annotation [102]. 

The key idea behind the proposed framework is that two tasks, typically considered as 

separate problems in the literature, namely accident detection and video summarization, are 

combined into an integrated framework. Combined in a single pipeline, both can lead to 

more efficient operations and summaries semantically meaningful and event-driven, instead 

of sampled at random [136, 138]. 
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Second, deep learning architectures, especially hybrid models that integrate both CNNs and 

RNNs, have proven to possess promising modelling capability for the spatial structure and 

temporal dynamics of video data [118]. This development encourages the investigation of 

two complementary architectures: CVAE-ADS for learning compact embeddings of traffic 

scenes and the Conv-BiLSTM Autoencoder for explicitly modelling temporal dependencies 

between video frames. Both models are based on the reconstruction-based paradigm for 

anomaly detection, where a model of normal behaviour is learned, and anomalies are 

detected as deviations from this normal behaviour. 

The proposed framework is also motivated by practical deployment constraints. The traffic 

surveillance system needs to be efficient in realistic and edge computing environments, 

where timely detection is critical for emergency response and traffic management [77]. The 

goal of the framework is to create lightweight unsupervised models that do not rely on 

annotated data and that are efficient, flexible, and can be used in a wide variety of 

surveillance contexts, as well as to assist traffic decision-making in a timely fashion [98]. 

4.2 System Overview and Workflow 

The proposed system aims at automatically extracting accident event information from a 

continuous stream of traffic surveillance videos and creating small video summaries that 

contain the key information of the accident events. The entire process is shown in Figure 4.1 

and can be broken down into four stages: frame extraction, anomaly detection using 

autoencoder reconstruction, threshold-based anomaly classification, and event-driven video 

summarization. 

 
Figure 4.1: Overview of the proposed Autoencoder-based traffic accident model. 
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• Stage 1- Frame Extraction: The input video stream is first split into frames. The 

pre-processing of each frame involves resizing and normalizing it to adapt it for 

deep learning-based processing and minimize the computational burden. This 

frame-level representation is the fundamental level of analysis used throughout the 

pipeline. 

• Stage 2- Reconstruction-Based Anomaly Detection: These pre-processed frames 

are fed to one of the proposed two autoencoder models, CVAE-ADS and Conv-

BiLSTM Autoencoder. Both models only learn from regular traffic scenes and 

develop regular traffic pattern restoration. At inference time, the model tries to 

reconstruct each frame of the input. High reconstruction error occurs for frames 

that contain abnormal events (e.g., accidents), and high fidelity of reconstruction 

for frames with normal events. A reconstruction metric is the MSE because it is 

easy to compute and sensitive to structural deviations. 

• Stage 3- Threshold-Based Classification: The computed reconstruction error of 

each frame is passed to a threshold mechanism. When the error of a frame is above 

a certain threshold, it will be considered an anomaly, and the flag will be set to 

accident related. If the frames are below the threshold, they are classified as normal 

and skipped. The decision threshold is set empirically according to the distribution 

of the reconstruction errors found in the training phase on normal data. 

• Stage 4- Event-Driven Video Summarization: The flagged anomalous frames are 

sent to the video summarization module. These latent representations of the frames 

are clustered with K-Means clustering, which will group the frames that have 

similar visual and semantic characteristics into different clusters. Then, a 

representative keyframe of each cluster is chosen, usually the keyframe nearest the 

cluster centroid, which best represents the dominant features of that event segment. 

Finally, redundant keyframes are removed with the Structural Similarity Index 

(SSIM) so as to keep only the keyframes that are different in appearance. The final 

set of keyframes are then organized chronologically to form a summary video that 

is short and informative, and which shows the evolution of the accident events 

detected without any repetition. 

This complete end-to-end pipeline allows the system to generate structured, event-centred 

summaries from the raw and unstructured surveillance data, helping traffic monitoring 

authorities review, make decisions, and archive with efficiency. 
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4.3 Baseline Models for Accident Detection 

Two basic autoencoder models are used as a baseline to assess the performance of the 

proposed accident detection approach, namely Convolutional Autoencoder (CAE) and 

Variational Autoencoder (VAE). Both models are based on the encoder–decoder architecture 

and training them with only normal traffic data can enable them to learn normal traffic 

patterns. The reason for choosing these models is their powerful ability to detect anomalies 

that are based on reconstruction, i.e., the reconstruction error from a learned normal pattern 

is a good indicator of an anomaly, such as accidents. 

The baseline models are important for two reasons: (i) the improvements obtained by the 

proposed method can be compared to them; (ii) they allow for comparison of the 

deterministic and probabilistic latent representations in the traffic surveillance context. 

4.3.1 CAE Baseline 

In order to learn the spatial property of a traffic surveillance frame, the Convolutional 

Autoencoder (CAE) is developed. Contrary to the traditional autoencoders with fully 

connected layers, the CAE utilizes the convolutional operations, which can well maintain 

the spatial locality and the hierarchical feature representation. This renders it especially 

appropriate for pictorial information, such as the traffic scene, where spatial relations 

(vehicle locations, road layout, movement cues, etc.) are essential. 

The CAE architecture consists of two main parts: an encoder and a decoder. The CAE 

consists of an encoder part consisting of a sequence of convolutional layers (with 32, 64, 

128 filters) and max pooling to extract the hierarchical features of the space and compress 

the input into a latent representation.  Convolutional layers learn more abstract features, and 

pooling layers decrease the spatial dimensions and preserve key features. In this work, RGB 

frames of the shape (128, 128, 3) are passed through several convolutional blocks, each 

having a greater feature depth so that the model can learn rich visual representations of 

normal traffic patterns. 

The latent space produced by the CAE is deterministic. The latent vector generated by the 

encoder is the same for the same input frame. This deterministic mapping can lead to 

consistent reconstruction outputs and stable reconstruction errors, beneficial for anomaly 
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detection tasks. The model has only learned to reconstruct normal patterns with high fidelity, 

as it has only been trained on normal data. But if an abnormal frame (such as an accident) is 

detected, the model is not able to reconstruct it accurately, and the reconstruction error will 

be larger. 

The decoder is symmetrically built using dense, upsampling, and convolutional layers, and 

a sigmoid output for pixel-level reconstruction. The CAE's training goal is to reduce the 

reconstruction error between the original image and the reconstructed image based on pixels, 

usually by using Mean Squared Error (MSE). This helps the model to learn a compact 

representation of normal traffic scenes whilst being sensitive to deviations. 

The CAE is selected as a baseline because it has high spatial feature extraction ability and is 

widely used in image anomaly detection tasks. It offers a deterministic reconstruction 

framework, which is an ideal reference model to determine the effectiveness of spatial 

information alone in accident detection. Further, it allows exploring if using more 

sophisticated latent representations (as in VAE) leads to any measurable improvements. 

4.3.2 VAE Baseline 

VAE is an extension of the standard autoencoder, where the latent space is also given a 

probabilistic formulation. The VAE does not encode a particular input frame into one single 

deterministic vector, but into a distribution (usually taken to be Gaussian) representing the 

latent space. The design enables the model to accommodate the natural variations 

(illumination changes, traffic density, and environmental settings) and uncertainty (inherent 

variability) in normal traffic scenes, allowing the model to be more robust. 

The input frame is of size 128x128x3, which is flattened and passed to a stack of fully 

connected (dense) layers in the encoder (as depicted in the architecture). In this case, the 

encoder outputs two vectors rather than a single latent vector: the mean (µ) and variance (σ2) 

of the latent distribution. A latent distribution is then sampled using the reparameterization 

approach while retaining differentiability and backpropagation compatibility of the sampling 

operation. 

The sampled latent vector is then the bottleneck representation, which is fed to the decoder, 

which is composed of fully connected layers that gradually reconstruct the input frame. The 
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decoder aims to learn the mapping from the latent space back to the input space, that is, the 

original image space. 

To optimize the VAE, a composite loss function consisting of two objectives is used. The 

first is called the reconstruction loss and is an indication of how much the input has been 

regenerated. The second is KL divergence, which is used to force the learnt latent distribution 

to be a normal distribution. Together with this dual objective, this means that similar inputs 

are mapped to neighbouring regions in a structured and contiguous latent space. 

This probabilistic modelling results in an organization of normal traffic patterns within the 

latent space, which is meaningful. At testing time (inference), frames that do not follow these 

learned frames (e.g., accident frames) are less likely to be well-reconstructed, and these 

frames may be associated with higher reconstruction errors or lower likelihood scores. The 

departure of these deviations is a good indicator of abnormal events. 

The VAE is used as a probabilistic baseline to investigate the contribution of latent 

distribution modelling in anomaly detection. The VAE extends the CAE to include 

uncertainty modelling and latent space regularization, as opposed to the deterministic 

encoding and spatial feature-learning that are present in the CAE. This can be used to test 

the effect of capturing variability in normal traffic on the detection performance. The 

comparison between CAE and VAE, therefore, gives insightful information about the 

effectiveness of the deterministic and probabilistic representations in unsupervised accident 

detection. 

4.4 Proposed CVAE-ADS Framework 

The Proposed Convolutional Variational Autoencoder for Accident Detection and 

Summarization (CVAE-ADS) is an unsupervised deep learning framework to detect 

accident events and produce compact event-based video summaries from continuous 

surveillance video streams. The model is trained only with normal traffic videos, and a 

probabilistic latent representation of typical traffic patterns is learned. At inference time, 

frames that differ considerably from these learned frames are considered outside the normal 

range. The overall structure of the proposed CVAE-ADS model is shown in Figure 4.2.  It 

includes the preprocessing stage, the encoder–decoder network pipeline, the anomaly 

detection pipeline, and the video summarization module. 
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4.4.1 Data Preprocessing 

The raw frames of surveillance video are first passed through the model after a standardized 

preprocessing pipeline. All the frames are resized to the same spatial resolution, 128 x 128, 

and the intensity of each pixel is divided by 255 to have a range of [0,1]. This normalization 

step helps to ensure consistent input scaling of footage captured from different camera 

sources, which might be different resolutions, different lighting conditions, different contrast 

levels, etc. Uniform preprocessing can not only help to maintain a more stable gradient flow 

during training but also significantly shorten the training time of the model and improve the 

robustness of the input distribution. 

4.4.2 Encoder Architecture 

The encoder needs to process each input frame to get the compact and hierarchical spatial 

representations and to transfer these representations into a probabilistic latent space. The 

depth of the representations learned and the spatial dimension of the feature maps decrease 

with the number of layers in the stack, which is composed of a series of convolutional and 

max-pooling layers. The encoder, in particular, compresses a 128x128x3 frame to a size of 

16x16 by feeding it through a series of 32, 64, and 128-sized convolutional layers.  These 

feature maps are flattened and passed through a fully connected (dense) layer to generate the 

mean (μ) and standard deviation (σ) of the learned latent distribution. This probabilistic 

 
 Figure 4.2: Detailed architecture of the proposed CVAE-ADS based  

Accident detection and video summarization. 
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method is not based on a fixed-point vector for every frame; the encoder is able to model the 

typical traffic distribution. 

4.4.3 Latent Space Representation 

The latent space is a low-dimensional, probabilistic representation of the input frame that is 

continuous. CVAE doesn't encode a frame to a fixed point, but rather uses a Gaussian 

distribution with parameters μ and σ. This distribution is re-parameterized to sample a latent 

vector z from it and to train end-to-end with gradients [109, 113]: 

z = μ + σ ⊙ ϵ, ϵ ~ 𝑁(0,1)                               (4.1) 

where ϵ is a standard normally distributed random noise vector. This formulation allows for 

preserving differentiability through sampling operation, which allows the model to learn a 

structured and regularized latent space. On normal traffic frames, the latent space will 

converge to the typical distribution of traffic patterns during training. Therefore, frames with 

accidents and other anomalies generate latent vectors that are not in this learned distribution 

and generate poor reconstruction quality and high reconstruction error. 

4.4.4 Decoder Architecture 

The decoder will send the sampled latent vector z back to the input frame. It starts at a dense 

layer which projects back the latent vector to a higher dimensional space and then reshapes 

it to a 16×16×128 three-dimensional feature map. The spatial resolution is built up step by 

step using a series of up-sampling layers, which are followed by convolutional operations 

and a progressively increasing number of intermediate feature map sizes of 32×32, 64×64, 

and 128×128. The filter depths are exactly opposite to the encoder (128, 64, 32), and the last 

layer is a convolutional layer that gives the reconstructed frame x̂ with shape (128, 128, 3). 

During training, the decoder is told to keep this distance between the input image x and the 

reconstructed image x̂  as small as possible. The distance between original image and the 

reconstructed image is the main parameter to detect abnormal situations in the inference 

phase. 

4.4.5 Loss Function Formulation 

The CVAE-ADS model optimizes a composite loss function that makes use of two 

complementary objectives: 
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LCVAE = Lrecon + LKL                                    (4.2) 

The reconstruction loss Lrecon is the pixel-wise difference between the original frame x and 

the reconstructed frame x̂  usually the mean squared error (MSE) across all spatial positions 

and channels. This makes the decoder more likely to reconstruct the input frames that are 

consistent with the distribution of normal traffic patterns learned. 

The KL divergence loss LKL [109, 114] encourages the latent space to be regularized, that 

is, to push the learnt posterior distribution q( z ∣ x ) to be close to the standard normal prior 

p(z) = N(0, I): 

   LKL = −
1

2
∑(1 + log(σ2)  −  μ2 −  σ2)                            (4.3) 

This regularization helps to avoid the latent space becoming too sparse or broken up, so 

similar normal frames end up in neighbouring parts of the space, and the model will 

generalize well to new normal traffic conditions. The combination of these two terms of loss 

guarantees that the model can learn not only good reconstruction but also a well-structured 

probabilistic latent representation. 

4.4.6 Anomaly Detection and Thresholding  

At the time of inference, the trained CVAE-ADS model will reconstruct every incoming 

surveillance frame. The model has been trained only for normal traffic patterns, so that it has 

high fidelity in reconstructing normal frames, and frames with anomalous events like 

accidents do not fall under the learned distribution and are poorly reconstructed. This 

difference is calculated by the MSE of all the pixels and all the channels [113]: 

   E(xj) =
1

HWC
∑(xj−x̂j)

2
                                   (4.4) 

where H, W, and C are the height, width, and number of channels, respectively, of the frame. 

The error is standardized into a regularity score to compare the raw reconstruction error 

between frames and video sequences [114]: 

R(xj) = 1 −
E(xj)−min(E)

max(E)−min(E)+ϵ
                            (4.5) 

where ϵ is a small constant added for numerical stability. A value of 1 is considered a normal 
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frame, and a value of 0 is considered an anomalous frame. Then, an adaptive threshold τ is 

calculated on the basis of the statistical distribution of the reconstruction errors: 

τ = μerr + k ⋅ σerr                                                (4.6) 

where k is a sensitivity parameter, and μerr and σerr  are the average and standard 

deviation of all reconstruction errors. 

Frame Classification = {
Normal, if R(xj) ≥ τ

  Accident, if R(xj) < τ 
                  (4.7) 

The frames that are detected as anomalous are fed to the video summarization framework 

described in Section 4.6, whereas the normal frames are not considered for any further 

processing. 

4.5 Proposed Conv-BiLSTM Autoencoder Framework 

Both spatial characteristics and temporal dependencies are present in traffic video sequences, 

and the proposed Conv-BiLSTM Autoencoder framework is capable of effectively 

modelling them. Unlike traditional methods, which consider each frame separately, this 

framework makes use of sequential learning to understand the motion and the evolution of 

the context over time. The system is an integration of convolutional feature extraction and 

            
           Figure 4.3: Block Diagram of Proposed Conv-BiLSTM Autoencoder Framework for  

Accident Detection and Video Summarization 
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bidirectional temporal modelling with a reconstruction-based anomaly detection mechanism 

and an event-driven video summarization pipeline, as shown in Figure 4.3 and Figure 4.4. 

The architecture has two main phases:  

1. Accident Detection Phase: uses reconstruction error to detect abnormal events.  

2. Summarization Phase: extracts meaningful keyframes to represent detected events.  

Each aspect of the framework is detailed in the following subsections. 

4.5.1 Input Preparation and Preprocessing 

The consistency and quality of the input data have a significant impact on the deep learning 

model's performance. Hence, a preprocessing pipeline is used to process raw traffic videos 

to obtain appropriate input sequences for the Conv-BiLSTM autoencoder. 

In the first step, the continuous video streams are split up into individual frames at a fixed 

frame rate. The frames are extracted, and each frame is resized to a uniform size (e.g., 128 

× 128 pixels) for computational efficiency and to be compatible with convolutional layers. 

The pixel values can be rescaled between 0 and 1 to make the flow of the gradients more 

stable and train faster. 

 
Figure 4.4: Architectural diagram of the proposed Conv-BiLSTM  

Autoencoder-based model 
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A sliding window approach is used to group several frames into fixed-length sequences, 

capturing temporal relationships. Suppose that the length of a sequence is T, then each 

sample entering the sequence can be expressed as: 

X = x1, x2, x3, … , xT                                              (4.8) 

where each xt representing a pre-processed video frame. This temporal order allows the 

model to capture the temporal structure of the movements as well as the spatial structure.  

Furthermore, optional preprocessing steps can be used, for example, to filter out noise and 

normalize the contrast to enhance the generalisation and robustness. This model, however, 

is mostly focused on learning the regular patterns directly from the data without extensive 

preprocessing that is handcrafted. 

4.5.2 Spatial Feature Extraction 

Next, the spatial features from each frame are separated through a series of convolutional 

layers, and then the encoder begins. The convolutional operations are applied time-

distributed, which means that every frame of the sequence is processed in the same way. 

The encoder is made up of 3 convolutional blocks, each with a deeper filter: 

• The first convolutional layer has 32 filters of size 3 x 3 with the ReLU activation 

function. 

• The second convolutional layer has 64 filters, each 3 x 3 in size and activated by the 

ReLU function. 

• The 3rd convolutional layer has a 3 x 3 kernel size, 128 filters, and ReLU activation. 

After each convolution layer, there is a max pooling (2x2) which helps to retain important 

structural information and to reduce the spatial size. The model is able to learn high-level 

properties such as object shape and scene context as well as low-level properties such as 

edges and texture.  

In mathematical terms, the convolution operation is: 

Ft = σ(W ∗ xt + b)                                               (4.9) 
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where σ is the ReLU activation, W is the convolving weights, b is a bias, and Ft is a feature 

map at time t. 

The feature maps from the convolutional layers are then flattened and sorted into a sequence 

of features for temporal modelling. In this transformation, spatial representations are turned 

to a temporal feature vector sequence: 

Z = z1, z2, z3, … , zT                                             (4.10) 

where each zt contains the spatial information from each frame xt. 

4.5.3 Temporal Modelling using BiLSTM 

The framework is based on Bidirectional Long Short-Term Memory (BiLSTM) networks to 

model temporal dependencies in both forward and backward directions. The difference 

between standard LSTM and BiLSTM is that BiLSTM takes both the past and future context 

into account, which is helpful for analysing videos [103] [120]. 

The flattened feature sequence is fed through bi-directional LSTM (BiLSTM) layers, with 

128 hidden units in each layer. These layers acquire complex temporal relationships, such 

as continuity of movement, abrupt changes, and how events transition. 

The BiLSTM calculates the following for a given time step t: 

ht = [ht
⃗⃗  ⃗; ht

⃖⃗ ⃗⃗ ]                                                 (4.11) 

Where ht
⃗⃗  ⃗ represents the forward output of LSTM and ht

⃖⃗ ⃗⃗  Represents the backward output of 

LSTM. 

The string of these outputs provides a complete description of temporal context. A dropout 

regularization is used with a 0.3 dropout rate for preventing overfitting and enhancing 

generalization. The output of the BiLSTM layers constitutes a compact latent representation 

(also known as the bottleneck of the autoencoder). This latent space is composed of Spatial 

structure (CNN encoder) and Temporal evolution (BiLSTM). 
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4.5.4 Encoder–Decoder Structure 

The proposed Conv-BiLSTM autoencoder has an encoder-decoder architecture to learn a 

compact representation of the input video sequences and then reconstruct them. This is 

because the decoder tries to reconstruct the original sequence from the "compressed" latent 

space, and the encoder tries to compress the high-dimensional information of the 

spatiotemporal data into the reduced-dimensional latent space. 

The input sequences are fed to the encoder through the time-distributed convolutional layers, 

which make sure that the spatial features are extracted in the same way from every frame. 

These convolutional processes, paired with max-pooling layers, decrease the spatial 

dimension of the feature maps but keep the most informative features. Then, the feature maps 

are reshaped back into a sequential format for temporal modelling.  Stacked BiLSTM layers 

are used to model the dynamic dependencies between frames. This Spatio-temporal 

processing capability of the encoder enables it to encode both the spatial structure and 

temporal evolution into a single latent representation. 

During decoding, the encoder is able to reconstruct the original sequence by utilizing the 

latent features learned during the encoding process. It starts with a BiLSTM layer to obtain 

sequences as output, thus maintaining the temporal continuity when reconstructing. These 

temporal features are then fed into a fully connected layer and reshaped to output the spatial 

dimensions needed for image reconstruction. Then a sequence of transposed convolution 

(Conv2DTranspose) layers is applied to gradually upsample the feature maps. These layers 

progressively sharpen the output image that is being reconstructed, from coarse to detailed, 

frame-level structures. The last reconstruction layer uses a sigmoid activation function to 

keep the reconstructed pixel intensities within the normalized range, generating the realistic 

RGB frames. 

In summary, this encoder–decoder architecture sets up an efficient mapping between the 

input sequences and their reconstruction. The combination of spatial and temporal modelling 

allows for accurate reconstruction of normal patterns and also for revealing deviations 

pertinent to anomaly detection. 
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4.6 Accident Detection using Conv-BiLSTM Framework 

The accident detection mechanism is formulated as a reconstruction-based anomaly 

detection problem, in which the deviation between input sequences and their reconstructions 

produced by the proposed Conv-BiLSTM autoencoder serves as the basis for detecting 

abnormal events. The model is trained exclusively on normal traffic sequences, enabling it 

to learn the underlying spatio-temporal distribution of regular patterns: the convolutional 

layers capture spatial information such as vehicle structure, road geometry, and motion 

boundaries, while the Bidirectional LSTM layers model temporal dependencies in both 

forward and backward directions. This unsupervised formulation is particularly practical for 

real-world deployment, where annotated accident data is limited and highly imbalanced. 

During inference, sequences that deviate from the learned distribution, due to sudden 

collisions, irregular trajectories, abrupt changes in object motion, or unexpected object 

appearances, yield higher reconstruction discrepancies. These deviations are converted into 

measurable statistical signals that can be systematically analysed for anomaly detection. 

Moreover, sequence-based modelling incorporates temporal context that is unavailable in 

frame-level analysis, which is especially important in traffic scenarios where anomalies are 

inherently temporal phenomena. The following subsections (4.6.1–4.6.5) describe how the 

reconstruction error, regularity score, anomaly score, temporal smoothing, and thresholding 

are computed. 

4.6.1 Reconstruction Error Analysis 

The trained model produces a reconstructed sequence that is close to the original frames for 

each input sequence. The reconstruction process tries to keep this difference between the 

input and output representations to a minimum, and the latent space learnt is a compressed 

one that captures the essential nature of normal traffic patterns. 

Reconstruction quality is measured by Mean Squared Error (MSE), which is calculated at 

each time step between the input frame xt and its reconstruction x̂t. This error is a measure 

of the model's performance in normal pattern representation; the lower, the more accurately 

the model can reconstruct the normal patterns, and the higher, the more there are irregular 

or unseen events.  

Et =∥ xt − x̂t ∥2                                               (4.12) 
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The main signal for anomaly detection is the sequence of reconstruction errors. 

Theoretically, in the training process, the autoencoder only minimizes the reconstruction loss 

for the normal samples. Thus, if an abnormal sequence is encountered during inference, the 

latent representation will not be able to generalize, resulting in greater reconstruction error. 

This property allows the model to implicitly estimate the normal data distribution as a 

density estimation model. 

Also, the errors in reconstruction can be understood as likelihood under the learned manifold 

of normal behaviour. The error values are much higher for frames outside this manifold, for 

example, if an accident occurs. This renders reconstruction error as a compelling and 

intuitive measure of abnormality in a video sequence. Reconstruction errors can be summed 

over spatial dimensions (pixel-wise) and temporal windows to further increase robustness, 

thus giving a more stable representation of anomaly intensities throughout the sequence. 

4.6.2 Regularity Score Computation 

The raw reconstruction errors can be different from sequence to sequence and under different 

video conditions, so errors are normalized to make them bounded and comparable. The error 

values are normalized over the sequence, and a regularity score is computed to ensure a 

consistent interpretation: 

Rt = 1 −
Et−min(E)

max(E)−min(E)
                                          (4.13) 

This formulation is such that those frames which are close to normal patterns are given 

higher scores, and those frames which are irregular or abnormal are given lower scores. It is 

important to note that the normalization process to rescale the reconstruction error into a 

relative measure of normality within a given sequence is an effective process. This is 

especially convenient when considering video footage taken under different environmental 

conditions, and makes it less sensitive to absolute error magnitudes. 

Furthermore, the regularity score provides interpretability to the detection system. Rather 

than using raw error data, which can be difficult to interpret, the normalised score gives a 

good indication of whether each frame is similar to or different from the normal behaviours 

learned. This transformation also helps in subsequent processing steps like thresholding, 

temporal smoothing, etc., since the range of all sequences is now in a consistent range of 

numbers. 
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4.6.3 Anomaly Score Calculation 

The regularity score is converted into an anomaly score by taking the inverse of the regularity 

score to directly measure the level of abnormality. This transformation makes interpretation 

easier because the higher the value, the higher the likelihood of the anomaly: 

At = 1 − Rt                                                   (4.14) 

Thus, the frames that have substantial inconsistencies in the frame reconstruction process 

have higher scores of anomalies and may be considered as possible accident events. 

Anomaly score is a direct indicator of deviation from normal behaviour. The framework 

makes regularity an abnormal situation, which makes the scoring mechanism more in line 

with the goal of capturing rare and unusual events. 

The anomaly score sequence can be treated as a time-series signal from a signal processing 

point of view, and peaks of the signal are identified as abnormal events. This representation 

can be used to apply temporal filtering and statistical analysis techniques to enhance 

detection performance. 

In addition to that, the anomaly score allows for the easy integration with other decision-

making strategies, like adaptive thresholding, clustering, or event segmentation. It also 

enables the easy visualization of the abnormal patterns over time, which is helpful for 

evaluation and interpretability. 

4.6.4 EMA Smoothing 

There can be short-term changes in the anomaly score sequence because of illumination 

changes, motion variations, or noise. To make the results more temporally stable and reduce 

false positives, results are computed using an Exponential Moving Average (EMA): 

𝑆𝑡 = α𝐴𝑡 + (1 − α)𝑆𝑡−1                                       (4.15) 

where α is the smoothing factor which determines the weight of the latest observations. 

EMA smoothing is a low-pass filter that reduces high-frequency noise and gives good, 

meaningful temporal trends. It reduces the sensitivity to transient disturbances while keeping 

responsiveness to the real anomalies in accordance with the more recent observations. The 
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smoothing parameter α is an important parameter to consider when balancing sensitivity and 

stability. The higher the value of α the more recent changes will be emphasized, and the 

quicker sudden anomalies can be detected, but the lower the value of α the smoother the 

signals get, the more anomalies will be delayed in detection. 

This is especially crucial in a traffic environment where environmental changes like lighting 

changes, shadows, or slight motion of objects can create noise in the anomaly signal. 

4.6.5 MAD-Based Thresholding 

A strong threshold is determined by Median Absolute Deviation (MAD), which is not as 

significantly affected by outliers as mean-based statistics. Let m be the median of the 

smoothed anomaly scores. Threshold is defined as: 

τ = m + k ⋅ MAD                                             (4.16) 

where k is a scaling constant that determines the detection sensitivity. Sequences or frames 

that meet the criterion: 

𝑆𝑡 ≥ τ                                                       (4.17) 

High values of 𝑆𝑡 are considered accident events.  Because MAD is robust to skewed 

distributions and extreme values, it will not be greatly affected by a few outlying frames on 

the threshold. This is essential for actual video data, where there is noise and variability. 

Moreover, thresholding is adaptive in the MAD-based method, which means that manually 

defined thresholds are not required to adapt to different video conditions. This improves the 

generalization and renders the method applicable to various surveillance scenes. 

The parameter k can be adjusted to balance false positives and false negatives. A more 

stringent criterion for detection will be obtained with a larger value of k, though the 

sensitivity to detect subtle anomalies would be reduced, and a less stringent criterion will be 

obtained with a smaller value of k, though there would be more false detections. 

4.7 Video Summarization Framework 

This module aims to obtain a short and informative summarization of the detected accident 

events by choosing a subsequence of representative frames from the anomaly sequences. In 
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large-scale traffic surveillance systems, continuous video streams produce huge data 

volumes, and it is impractical to manually inspect all of the videos. Hence, it is crucial to 

have an automatic summarization system to remove the need to store redundant data and to 

obtain important information. 

The proposed approach is different from the conventional frame sampling and uniform 

subsampling methods that usually neglect semantic relevance and are performed in latent 

feature space. This allows semantically grouping of frames using representations learned 

from the data, instead of only using pixel-level similarity. The deep feature embeddings 

guarantee that visually and contextually similar frames are clustered together, allowing to 

improve the quality of the generated summary. 

The summarization framework proposed can be used with both CVAE-ADS and Conv-

BiLSTM autoencoder models. The proposed CVAE-ADS encoder learns compact spatial 

representations that include appearance features, including event evolution, object structure, 

and scene layout, while the proposed Conv-BiLSTM encoder learns enriched Spatio-

temporal features that include both appearance and temporal features such as motion 

continuity and event evolution. The dual compatibility makes the framework work for 

various feature representations without requiring any structural changes. 

The summarization process has five stages, namely, latent feature extraction, clustering, 

keyframe selection, redundancy removal, and the generation of a final summary. Each step 

will be used to progressively remove redundant information from the events while still 

keeping necessary information about the events so that the result will be concise and 

informative. 

4.7.1 Latent Feature Extraction 

After detecting the anomalous sequences (as mentioned in Section 4.5), the detected frames 

are fed to the encoder of the trained model (CVAE-ADS or Conv-BiLSTM) to get the latent 

representations of the frames. The latent vectors give a compact and discriminative encoding 

of the visual content. Let the set of detected anomalous frames be {x1, x2, … , xT}. 

A latent vector is created for each frame: 

zt = fenc(xt)                                                   (4.18) 

where fenc(⋅) is the encoder function and zt ∈ Rd Is the latent embedding. 
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The resulting latent sequence is Z = z1, z2, … , zT. High-level structure and context 

information are captured and can be used for clustering and similarity analysis. Latent space 

can be considered a compressed manifold for representation learning, in which semantically 

similar frames are located near each other. This is an important property to have for effective 

summarization because it groups by content and not just by pixel differences. 

Furthermore, latent representations are more resistant to noise, lighting variations, and small 

spatial variations than raw pixel values. This robustness makes it possible for frames 

showing the same event with some variation of the circumstances to become clustered 

together. 

In the Conv-BiLSTM encoder, the latent vectors are implicitly temporal, that is, every latent 

vector represents the current frame but also takes into account information from preceding 

and following frames. In this way, the quality of summarization is improved with the 

property of temporal coherence. 

4.7.2 K-Means Clustering 

The similar frames are clustered using K-Means so as to reduce the redundancy of latent 

vectors. In order to maximize similarity inside a cluster and minimize similarity between 

clusters, the latent space is divided into K clusters [70].  

The latent vectors are clustered by K-Means clustering in order to group similar frames and 

reduce the redundancy. The goal is to divide the latent space into K clusters, maximizing the 

similarity within a cluster while minimizing the similarity between clusters [70]. 

min
{Ck}

∑ ∑ ‖zi − μk‖
2

zi∈Ck

K
k=1                                        (4.19) 

Where the kth cluster is denoted by Ck, and its centroid is denoted by μk. 

Each cluster represents a set of frames that share similar visual and contextual 

characteristics. Clustering in the latent space has multiple benefits compared to pixel space 

clustering. Firstly, it decreases the dimension, thus reducing the computational complexity. 

Second, it guarantees that the decisions about clustering are made based on the semantically 

meaningful features learned by the model. 
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The value of K is chosen adaptively, according to the number of detected anomalous frames, 

so that the summary is compact, while keeping information. A low value of K will make the 

summary more compact but may lose valuable variations, while a high value of K Will keep 

more detail but introduce more redundancy. An anomaly-proportional approach is used to 

determine the number of clusters, namely K is scaled according to the number of detected 

anomalous frames instead of the sequence length. This way, clustering will adapt to the 

complexity of the event and not the length of the video. Experimental results show that this 

approach is stable to generate summaries with minimal redundant information while keeping 

the key event transitions and is thus suitable for accident-based video summarization where 

the event dynamics are very different from one video sequence to another. 

4.7.3 Keyframe Selection 

A summary is created from a representative frame from each cluster. The best frame for the 

keyframe is the closest latent representation to the cluster centroid. 

xk
∗ = ar g min

xi∈Ck

∥ zi − μk ∥                                         (4.20) 

This selection strategy assures that keyframes well represent the visual content of each 

cluster. The centroid-based selection mechanism is based on the hypothesis that the centroid 

is the average of all frames in the cluster. Thus, the frame that is the closest to the centroid 

represents the best sample of a group. 

The method is to choose one frame from each cluster to provide various aspects of the 

accident event: before the event, at the moment of collision, and after the collision. This 

variety provides the freedom that the created overview of the event does not tend to a 

particular time, but gives an overview of the event as a whole. Moreover, this method does 

not pick outlier frames, which might be chosen by considering only the reconstruction error 

or by random sampling. 

4.7.4 Redundancy Removal using SSIM 

Clustering will decrease the amount of redundancy, but there might be high visual similarity 

between some of the keyframes that are selected. In order to further reduce the 

summarization, the Structural Similarity Index (SSIM) [125] is applied as a redundancy 

elimination step. 
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The SSIM of two candidate frames xi and xj is computed as: 

SSIM(xi, xj) =
(2μiμj+C1)(2σij+C2)

(μi
2+μj

2+C1)(σi
2+σj

2+C2)
                                 (4.21) 

Where μ, σ, and 𝜎𝑖𝑗 are the mean, variance, and covariance, respectively. 

If  SSIM(xi, xj) > θ, the frames are regarded as redundant frames, and the other frame is 

discarded. The threshold θ ∈ [0,1] determines how much the redundancy is removed; the 

greater the value, the smaller the number of frames kept when they are very different from 

each other. This way, the final summary will not have repeated frames and will contain 

visually different and informative content. The higher the threshold, the more redundant 

frames will be removed, the more compact the summary will be; the lower the threshold the 

more frames will be retained. 

Further, SSIM-based filtering can supplement the clustering procedure, as some similar 

frames might end up in different clusters because of the minor changes in their latent space 

representation. 

4.7.5 Summary Video Generation 

The last set of keyframes is sequenced to maintain the order of events in the original timeline 

of the keyframes. This order preserves the logical sequence of the accident, beginning with 

the pre-event buildup, when the accident occurred, and the post-event. The ordered frames 

are then assembled into a summary video at a predetermined frame rate (e.g., 5 fps), which 

produces a concise yet informative summary of the accidents detected. 

Formally, if the key frames selected are {xk1

∗ , xk2

∗ , … , xkn

∗ }, then the summary sequence is: 

S = sortt(xk1

∗ , xk2

∗ , … , xkn

∗ )                                        (4.22) 

where sortt is a function that sorts frames by temporal order. 

The proposed summarization framework uses latent feature representation to produce a 

meaningful and structured representation of accident events. The approach based on 

clustering-based grouping, keyframe selection based on the centroid, and redundancy 

removal based on SSIM ensures the diversity and compactness in the generated summary. 
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Moreover, it is suitable for both CVAE-ADS and Conv-BiLSTM models, providing a single 

and flexible tool for event-based video summarization. Combining deep representation 

learning with classical clustering and similarity measures is a good balance between 

efficiency and semantic richness. In summary, the overall design is a data integrity and 

event-recordation system that will not only save data redundancy but also preserve the 

critical event data, which is very suitable to be used in the intelligent surveillance system 

and real-time monitoring application. 

4.8 Algorithmic Workflow of the Proposed System 

The entire algorithmic process of the proposed accident detection and event-based video 

summarization framework is presented in this section. Two distinct models, CVAE-ADS 

and Conv-BiLSTM autoencoder frameworks, are developed to identify anomalous events 

and provide a concise summary of accident sequences. To enable the workflow to operate in 

an unsupervised manner by learning the normal traffic patterns and detecting deviations 

during inference. 

Algorithm 4.1: Accident Detection and Video Summarization Framework 

Input: Surveillance video V 

Output: Detected accident frames/sequences and summarized video S 

1. Frame Extraction 

Extract frames from the input video: 

F = f1, f2, f3, … , fn 

2. Preprocessing 

Normalize the intensity of the pixels in each frame to a fixed resolution (e.g., 128 

x 128) to represent the same input. 

3. Input Representation Generation  

o For CVAE-ADS: Process each frame separately.  

o For Conv-BiLSTM: Build frame sequences by sliding window of size T: 

         X = ft, ft+1, … , ft+T−1 

4. Model Training  

Use only normal traffic data to train the selected model, so that it can learn the 

normal spatial as well as Spatio-temporal patterns. 
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5. Reconstruction (Inference Phase) 

For each input frame/sequence:  

o Use the trained model to pass input and get output 

o Get reconstructed output  f̂t or X̂ 

6. Reconstruction Error Computation 

Measure reconstruction error using MSE: 

Et =∥ ft − f̂t ∥2 

7. Score Transformation 

Convert reconstruction error into a normalized measure:  

o Compute regularity score Rt 

o Calculate anomaly score At 

8. Anomaly Detection via Thresholding 

Using model-specific criteria, classify frames/sequences as normal or abnormal: 

• CVAE-ADS: 

Compute statistical threshold: 

𝑇𝐶𝑉𝐴𝐸 = μ + 𝑘 ⋅  σ 

A frame is considered anomalous if: 

Rt < 𝑇CVAE 

• Conv-BiLSTM: 

Use temporal smoothing (EMA) and thresholding using MAD: 

𝑇𝐵𝑖𝐿𝑆𝑇𝑀 = 𝑚 + 𝑘 × 𝑀𝐴𝐷 

A sequence is considered anomalous if: 

𝑆𝑡 ≥ 𝑇𝐵𝑖𝐿𝑆𝑇𝑀 

9. Extraction of Anomalous Segments 

Detect and locate frames/sequences that are different from the rest, according to 

the following detection criteria: 

• For CVAE-ADS, select frames satisfying: 

𝑅𝑡 < 𝑇𝐶𝑉𝐴𝐸 

• For Conv-BiLSTM, select sequences satisfying: 

𝑆𝑡 ≥ 𝑇𝐵𝑖𝐿𝑆𝑇𝑀 
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These selected frames/ sequences are then passed to the next summarization stage. 

10. Latent Feature Extraction 

Feed the detected anomalous frames into the encoder to get a latent 

representation of the frames: 

zt = fenc(ft) 

11. Clustering of Events 

Use K-Means clustering to cluster similar events based on latent vectors. 

12. Keyframe Selection 

Pick representative frames from each cluster, according to the distances from 

cluster centroids. 

13. Redundancy Removal 

Filter out frames that are similar in appearance with SSIM: 

SSIM(xi, xj) > θ 

14. Chronological Ordering 

Organize selected keyframes by their temporal order.  

15. Summary Generation 

Create an ordered list of keyframes and build the final, summarized video: 

S = k1, k2, … , km 

We propose two different frameworks for accident detection and video summarization based 

on events. The first framework uses a CVAE-ADS to learn spatial irregularities at the frame 

level and reconstruction-based abnormalities, while the second framework models temporal 

dynamics across frame sequences using a Conv-BiLSTM autoencoder. The two methods are 

both unsupervised, learning typical traffic behaviours and detecting outliers at test time. 

Latent feature representations allow efficient clustering or keyframe selection due to the 

compact and semantically meaningful description of detected events. The framework 

clusters together similar abnormal patterns and removes the redundant frames to produce 

concise summaries without loss of information. The system's overall performance, 

characterized by the accuracy in detecting accident events and the interpretability provided 

by the latent space-based summarization, demonstrates the efficacy of the unsupervised 

anomaly detection approach. 
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Chapter 5: Experimental Results and Performance Evaluation 

5.1 Hardware and Software Environment 

The proposed event-based video summarization and accident detection framework was 

experimented with using a GPU-enabled computing platform, which provided efficient 

handling of large video data and deep learning workloads. The system configuration 

facilitated stable training, quick convergence, and reliable evaluation of training 

performance. 

The system used an Intel Core i7 processor (10th Generation) with a base clock speed of 2.6 

GHz, ensuring efficient processing of preprocessing steps like frame extraction, 

normalization, and data handling. To speed up the model training, an NVIDIA GeForce RTX 

3060 GPU with 12 GB of VRAM was used. The parallel processing of the convolutional 

and recurrent operations in CVAE-ADS and Conv-BiLSTM helped to significantly improve 

the computational efficiency using the GPU. 

The system was equipped with 16 GB DDR4 RAM, which was sufficient for processing 

high-dimensional video frames, performing batch processing, and intermediate feature 

representations while training. Moreover, a 512 GB SSD storage was employed to store the 

datasets, trained model checkpoints, logs, experimental outputs, etc., which will lead to 

increased data access speed and lowered I/O latency. 

The hardware infrastructure was capable of continuous training for several epochs without 

impacting performance and enabled efficient experimentation with various model 

configurations and hyperparameters. This setup provided stable model convergence, less 

training time, and efficient processing of large-scale surveillance data like IITH and UCF-

Crime. A cutting-edge deep learning software stack was adopted for the implementation of 

the proposed framework, which enables flexible model development, efficient computations, 

and end-to-end video processing. 

The main development was done in Python (version 3.9). The design and training of the deep 

learning models were done in TensorFlow (version 2.10) using the Keras API, which offers 

an efficient implementation of kernel architectures such as convolutional, variational, and 

recurrent that were utilized in the CVAE-ADS and Conv-BiLSTM Autoencoder models. 
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Various libraries were used at different components of the pipeline. Numerical computations 

and handling of data were performed using NumPy and Pandas. Video preprocessing was 

done using OpenCV (version 4.6), which includes extracting frames, resizing, and 

normalizing them. Clustering, evaluation metrics, and dimensionality reduction were 

performed using Scikit-learn (version 1.1). The image quality measures (SSIM and PSNR) 

were calculated using the scikit-image library, and the training and performance results were 

plotted using Matplotlib and Seaborn. To train the model efficiently and make sure of the 

model training speed, the experiments were performed in a GPU-enabled environment. To 

ensure the reproducibility and consistency of experiments, standard practices like model 

checkpointing and logging were used. 

5.2 Dataset Description 

The proposed framework was evaluated on two publicly available benchmark datasets that 

are widely used for anomaly detection and accident recognition in surveillance video. Both 

data sets show a variety of real-world traffic situations and offer a different level of 

complexity in terms of the dynamics of the scenes, lighting conditions, and the frequency of 

events. The chosen datasets provide a diverse and balanced assessment of the models 

proposed in this study, the CVAE-ADS and Conv-BiLSTM Autoencoder, in various 

surveillance environments. 

5.2.1 IITH Dataset 

The IIT Hyderabad (IITH) Dataset [119] is a collection of traffic surveillance videos that 

were recorded using CCTV cameras from various locations in the city of Hyderabad, India. 

 
 

Figure 5.1: Details of IITH Road Accident Dataset 
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The videos are captured at 30 frames per second and are representative of actual road traffic 

situations. The typical video (cyber-video) starts with regular traffic flow, and then a traffic 

accident event occurs. This natural property of the data makes it well suited for unsupervised 

learning because the model can be trained using only the normal traffic patterns and not 

involving labelled anomaly data. 

The statistics of the dataset, such as the distribution of normal and abnormal frames used in 

the training and testing, are shown in Figure 5.1. A total of 94,720 normal frames were used 

for training, and 33,280 frames were used for testing, comprising 32,417 normal frames and 

863 accident frames. Also, the representative sample frames of normal traffic and accident 

states are displayed in Figure 5.2. The fact is that in this study, only the beginning parts of 

the videos were used for the models' training, where traffic behaviour was normal, thus 

allowing the models to learn their underlying distribution. Those segments, which included 

accident events, were for testing and evaluation. This separation guarantees that anomalies 

are discovered by deviations from learned typical patterns. 

5.2.2 UCF-Crime Dataset 

The UCF-Crime dataset [128] is the most popular huge real-world dataset for video anomaly 

detection. It contains about 1,900 long, uncropped videos in 13 categories of abnormal 

activity, such as abuse, arson, arrest, road accidents, assault, burglary, fighting, explosion, 

shooting, robbery, shoplifting, vandalism, and stealing, as well as normal activity footage. 

This dataset contains almost 128 hours of video recordings from a variety of real-world 

 
Figure 5.2: Video frame samples of the IITH Road accident dataset [119] 
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settings. Figure 5.3 shows representative sample frames from this (Accident subset) dataset 

showing normal traffic conditions and accident scenarios. 

To keep with the objective of traffic accident detection, only the road accident subset (151 

videos) was used in this study. From the chosen videos, 127 were used for training, while 23 

were used for testing [128] to ensure the proposed models are fairly and consistently 

evaluated. These videos provide more challenging real-world scenarios, including 

occlusions, illumination variations, dynamic backgrounds, and varying camera viewpoints, 

which add complexity and realism to the anomaly detection challenge. 

The UCF-Crime dataset does not have predefined frame-level annotations or explicit train-

test splits as the IITH dataset. Hence, a preprocessing technique was used where videos were 

split into individual frames. The fact that the UCF-Crime dataset is large-scale, diverse in 

scenarios, and complex in visual conditions makes it a good benchmark to assess the 

generalization capability and real-world applicability of the proposed CVAE-ADS and 

Conv-BiLSTM Autoencoder framework. 

5.3 Data Preprocessing and Training Strategy 

The proposed framework is based on an unsupervised learning paradigm, training the models 

only with normal traffic patterns and using the deviation from the learned patterns to detect 

anomalies. To guarantee that both datasets were represented consistently as input and that 

they could be evaluated reliably, a uniform preprocessing pipeline was used to process both. 

• Data Preprocessing 

 
Figure 5.3: Video frame samples of the UCF-Crime Road accident dataset 
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First, all the surveillance videos from both the IITH and UCF-Crime datasets were 

decomposed into individual frames at their native frame rate of 30 fps, with every frame 

retained to preserve complete temporal information. This frame-level representation 

facilitates the handling of data and matches reconstruction-based learning well. All the 

frames were resized to a fixed resolution of 128 × 128 × 3 and normalized into [0, 1] to 

stabilize the training and make it compatible with the sigmoid-based output layer in 

reconstruction. 

The temporal structure of videos was used for the dataset from IITH. Each video usually 

starts with regular traffic, then it has some accident occurring, so only the first part of the 

video with normal frames was used for training. All the other frames with accident events 

were left for testing. Besides, frames were manually labelled as normal or accident for 

evaluation purposes so as to conduct quantitative performance assessment. 

The UCF-Crime dataset also provides temporal information that specifies the temporal 

interval of abnormal events occurring in video clips. Therefore, manual labelling is not 

required for this dataset. With the use of these annotations, one may immediately and reliably 

assess the model's detection abilities on unrestricted real-world video data. 

The overall dataset was partitioned into approximately 70% training and 30% testing data. 

Importantly, the split was performed at the video level rather than the frame level, ensuring 

that no frames belonging to the same video appear in both the training and testing sets, 

thereby preventing any data leakage. Consistent with the unsupervised learning paradigm, 

the training set contained only normal (accident-free) frames, while the testing set contained 

a mixture of normal and accident frames. For the IITH dataset, this was achieved by using 

the initial accident-free portions of the videos for training, while the segments containing 

accident events, along with additional normal segments, were reserved exclusively for 

testing. Furthermore, 10% of the training data was held out as a validation set, which served 

two purposes: (i) monitoring the validation loss for early stopping during training, and (ii) 

estimating the distribution of reconstruction errors on normal data for threshold selection, as 

described in the anomaly detection stage. 

• Training Strategy 

The CVAE-ADS model is a hybrid of the convolutional and probabilistic latent models used 

to learn the spatial representations of normal traffic frames. In training, the individual frames 
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are fed into a convolutional encoder, which is used to generate hierarchical features and map 

the features to a latent distribution with mean and variance parameters. A latent vector 

sampled from the input frame (reparameterization trick) is then fed to a convolutional 

decoder to produce the input frame. 

The model is trained with an Adam optimizer with an initial learning rate of 0.0001 to ensure 

the convergence of the reconstruction and the latent regularization objectives. A batch size 

of 64 is used in order to achieve a compromise between computational efficiency and 

learning stability. Training is done until 100 epochs, and validation loss is used to determine 

early stopping of training. To help regularize the latent space and ensure a smooth 

representation of the typical traffic pattern, the reconstruction loss (MSE and Kullback-

Leibler divergence) is combined in the loss function. 

The Conv-BiLSTM Autoencoder on the other hand, aims to learn temporal and spatial 

properties of traffic scenarios.  This is a model that processes sequences of consecutive 

frames, with a sliding window approach. Specifically, each input sample consists of 16 

consecutive frames, and the sliding window is advanced with a stride of one frame, resulting 

in an overlap of 15 frames between successive sequences. This dense overlapping strategy 

maximizes the number of training samples generated from the available videos and enables 

the model to observe smooth temporal transitions of normal traffic flow, which improves the 

stability of temporal feature learning. In order to learn temporal dependencies in both 

forward and backward directions, the convolutional layers first extract the spatial features, 

which are then supplied to the stacked bidirectional LSTM layers. This aids in the model's 

learning of the typical traffic flow's movement and temporal context. 

Since sequence modelling is more complex, a lower learning rate of 0.0001 is used for 

training the Conv-BiLSTM Autoencoder with the Adam optimizer to ensure a stable flow of 

gradients through the recurrent layers. The batch size is smaller (16) because of the increased 

memory requirements. The model is trained for a maximum of 150 epochs, using validation 

performance for early stopping. To avoid overfitting and enhance its generalization ability, 

dropout is used in the BiLSTM layers. The training goal is only the reconstruction loss 

(MSE) over the whole input sequence. Table 5.1 summarizes the important training 

parameters and configuration for both proposed models for to ensure reproducibility and 

comparative analysis. 
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Table 5.1: Training Configuration of Proposed Models 

Parameter CVAE-ADS Model Conv-BiLSTM Autoencoder 

Input Type Individual frames (128×128×3) 
Frame sequences (sliding 

window) 

Training Paradigm Unsupervised (normal frames only) 
Unsupervised (normal 

sequences only) 

Sequence Window - 16 consecutive frames 

Train / Test Split 70% / 30% 70% / 30% 

Training Epochs 100 150 

Optimizer Adam Adam 

Learning Rate 0.0001 0.0001 

Batch Size 64 16 

Dropout Not used 0.3 (BiLSTM layers) 

Normalization Input normalization [0,1] Input normalization [0,1] 

Activation 

Functions 
ReLU (hidden), Sigmoid (output) 

ReLU (CNN), Sigmoid 

(output) 

Loss Function MSE + KL Divergence 
MSE (sequence 

reconstruction) 

Early Stopping Patience = 10 (val loss) Patience = 15 (val loss) 

Data Augmentation 
Horizontal Flip, brightness 

adjustment 

Consistent augmentation per 

sequence 

Random Seed 42 42 

• Anomaly Detection and Thresholding 

Anomaly detection at inference time follows the thresholding formulation defined in Section 

4.4.6. For the CVAE-ADS model, the adaptive threshold in Eq. (4.6) was applied with the 

sensitivity parameter k = 2, where the mean and standard deviation of reconstruction errors 

were computed over normal validation frames. This value of k was selected empirically 

through a sensitivity analysis in which k was varied from 1.5 to 3.0 in steps of 0.5, as reported 
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in Section 5.5.1, where k = 2 achieved the highest F1-score and the most balanced precision–

recall trade-off on both datasets. 

For the Conv-BiLSTM Autoencoder, anomaly detection follows the pipeline described in 

Sections 4.6.1–4.6.5. Sequence-level anomaly scores were temporally smoothed using the 

Exponential Moving Average defined in Eq. (4.15) with a smoothing factor of α = 0.3, which 

suppresses transient single-frame fluctuations caused by noise, illumination changes, or 

minor motion variations while remaining responsive to sustained deviations. The detection 

threshold was then computed using the MAD-based rule in Eq. (4.16) with the scaling 

constant k = 2, where the median and MAD were calculated over the smoothed anomaly 

scores of normal validation sequences. The MAD formulation was preferred over the mean–

standard deviation rule used for the frame-level model because it is robust to outliers and 

heavy-tailed error distributions, which commonly arise in sequence reconstruction. The 

value of k was selected empirically through the same sensitivity analysis procedure in which 

k was varied from 1.5 to 3.0 in steps of 0.5, where k = 2 provided the best balance between 

precision and recall. 

• Integration with Summarization 

After anomaly detection, the framework uses the latent representations for video 

summarization. The features from the latent space are clustered to find representative 

patterns. Keyframes are then picked from each cluster, and redundancy is eliminated based 

on similarity measures, meaning the resulting summary will include the most important 

events, but not repeat them. 

5.4 Quantitative Performance Evaluation 

The quantitative result is evaluated with the help of two publicly available datasets, namely, 

the IITH Accident and the UCF-Crime dataset. To evaluate the system, two major factors 

are considered: (i) accident detection performance and (ii) video summarization 

effectiveness. To show the effectiveness of the proposed models, CVAE-ADS and Conv-

BiLSTM under various real-world conditions, they are compared with the baseline models. 
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5.4.1 Accident Detection Results 

The effectiveness of the proposed accident detection framework is tested on two benchmark 

data sets: IITH Accident Dataset and UCF-Crime dataset, with the help of standard 

classification metrics. The results are summarised in Tables 5.2 and 5.3, and visual (side-by-

side) comparisons are presented in Figures 5.4 and 5.5. 

Performance on the IITH Dataset 

The quantitative results obtained in the experiments with the IITH database are evidence of 

the superiority of the proposed models over the baseline approaches. The baseline CAE and 

VAE models perform moderately with 86.78% and 83.42% accuracy, respectively, as shown 

in Table 5.2 and Figure 5.4. They have relatively low recall values, which suggest that they 

are not able to identify all types of accidents, especially in complex traffic environments. 

A significant improvement in detecting capability is observed in the proposed CVAE-ADS 

model with an accuracy of 92.5%, a precision of 0.885, and an F1 score of 0.851. The 

resulting AUC value is also enhanced to 0.912, which indicates better separability between 

the normal and anomalous frames. This improvement is due to the probabilistic latent 

representation that can better capture normal traffic variations and detect deviations 

effectively. 

The Conv-BiLSTM model further improves its performance with the highest accuracy of 

94.0% and a recall of 0.91. The AUC value of 0.946 is indicative of strong discriminative 

capability, while EER is 14.97%, which is a better balance between false and negative rates. 

Table 5.2: Accident Detection Performance on IITH 

Model 
Accuracy 

(%) 
Precision Recall F1-Score AUC 

EER 

(%) 

Baseline 

CAE 
86.78 0.8355 0.6740 0.7680 0.8695 24.70 

Baseline 

VAE 
83.42 0.8021 0.6020 0.7370 0.8326 26.84 

Proposed 

CVAE-

ADS 

92.5 0.885 0.820 0.851 0.912 16.5 

Proposed 

Conv-         

BiLSTM 

94.0 0.84 0.91 0.87 0.9460 14.97 

 



105 

 

The reason for this is that this model can take temporal dependency into consideration, 

enabling it to capture the pattern of motion and the context from the consecutive frames. 

Performance on the UCF-Crime Dataset 

The same performance pattern is seen on the more difficult UCF-Crime dataset, as seen in 

Table 5.3 and Figure 5.5. The baseline models show less detection capability with 81.63% 

(CAE) and 78.56% (VAE) and have also lower recall values. This shows that the method is 

not very successful in locating the scene of the accident with respect to complex real-world 

scenarios with occlusion, illumination changes, and variance in viewpoints. The proposed 

CVAE-ADS model significantly outperforms the other models with an accuracy of 88.6% 

and an AUC of 0.893. The Recall is increasing (0.791), indicating better identification of 

accident frames than the baseline models. 

 
Figure 5.4: Performance Comparison of Accident Detection on the IITH Dataset. 

 

Table 5.3: Accident Detection Performance on UCF-Crime  

Model 
Accuracy 

(%) 
Precision Recall F1-Score AUC 

EER 

(%) 

Baseline 

CAE 
81.63 0.8012 0.6520 0.7110 0.8448 25.62 

Baseline 

VAE 
78.56 0.7658 0.6300 0.6518 0.7989 29.73 

Proposed 

CVAE-ADS 
88.6 0.872 0.791 0.829 0.893 18.7 

Proposed 

Conv-

BiLSTM 

90.0 0.89 0.85 0.86 0.918 16.20 
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The Conv-BiLSTM model once again provides the best overall performance with an 

accuracy of 90.0%, recall of 0.85, and AUC of 0.918 with reduced EER of 16.20%. The 

results show that both the robustness and detection reliability in complex surveillance 

environments are improved by adding temporal information.         

•  ROC Curve Analysis 

Figure 5.6 and Figure 5.7 present the Receiver Operating Characteristic Curves for the 

baseline models of CAE and VAE, respectively, on the IITH and UCF-Crime datasets. The 

discriminative ability of these baseline models was moderate, with AUC values ranging from 

approximately 0.80 to 0.87, which means that these models were not very effective in 

distinguishing normal and anomalous frames, especially under complex traffic conditions. 

The ROC curves of the proposed models, shown in Figure 5.8 and Figure 5.9, however, 

show a significant enhancement in detection capability. The CVAE-ADS model obtains 

0.912 on IITH dataset and 0.893 on the UCF-Crime dataset, indicating better anomaly 

detection ability. Results from the Conv-BiLSTM model are further improved and have the 

highest AUC of 0.9460 and 0.918, respectively. 

The proposed models achieved higher TPRs with lower FPRs at various thresholds than did 

the steeper ROC curves and larger area under the curve. This validates the proposed  

 

 
  Figure 5.5: Performance Comparison of Accident Detection on the UCF-Crime Dataset 

 



107 

 

approaches and their effectiveness in the accurate detection of accident events with fewer 

false alarms. 

 In all the tested models, the Conv-BiLSTM model consistently outperforms the others, as it 

is able to learn spatial features and temporal dependency by modelling in both directions. In 

brief, the ROC analysis shows that reconstruction-based unsupervised learning with strong 

feature representation and temporal modelling can be reliable and practical in real-world 

traffic surveillance systems for accident detection. 

• Analysis of Confusion Matrix 

The confusion matrices of the proposed models on IITH and UCF-Crime are shown in Figure 

5.10 and Figure 5.11, respectively, to give a fine-grained evaluation of the models' 

classification performance. These matrices provide a detailed breakdown of TPs (true 

positives), TNs (true negatives), FPs (false positives), and FNs (false negatives), which goes 

beyond just summarizing metrics. The confusion matrices are generated using the entire test 

 
(a)                                                             (b) 

       Figure 5.6: ROC curve analysis of baseline CAE Model: (a) IITH and (b) 

UCF-Crime Dataset 

               

(a)                                                            (b) 

        Figure 5.7: ROC curve analysis of baseline VAE Model: (a) the IITH and (b) 

the UCF-Crime Dataset 
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sets, which include 863 anomalous frames and 32,417 normal frames for the IITH dataset 

and 8,100 anomalous frames and 36,900 normal frames for the UCF-Crime dataset. 

The CVAE-ADS model (as shown in Figure 5.10) is able to correctly classify a lot of normal 

frames with high true negative counts (32,326 frames for the IITH dataset, and 35,960 frames 

for the UCF-Crime dataset). Nonetheless, there are relatively more false negatives, 155 in 

IITH and 1,693 in UCF-Crime. This means that while the model is fairly successful in 

learning the normal traffic scenarios, there are cases where it fails to notice some of the 

accidents, especially those that have less distinguishable features. 

The Conv-BiLSTM model in Figure 5.11, on the other hand, shows better detection 

capability. The number of correctly identified accident frames becomes 786 and 6,885, and 

the number of missed detections turns into 77 and 1,215 for the IITH and UCF-Crime 

datasets, respectively. This decrease in false negatives represents a greater capability in the 

event of capturing accidents. While there are more false positive cases (150 in the IITH 

 

         
                                (a)                                                   (b) 

Figure 5.8: ROC curve analysis of CVAE-ADS Model: (a) the IITH and 

(b) the UCF-Crime Dataset       

         

(a)                                                   (b) 

Figure 5.9: ROC curves analysis of Conv-BiLSTM Model: (a) the IITH sand (b) 

UCF-Crime Dataset       
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dataset and 850 in the UCF-Crime dataset), the benefits of detecting actual accident cases 

are greater. 

From both datasets, it can be seen that the Conv-BiLSTM model is able to provide a better 

combination of detection and false alarm rates. Missed accident events are especially 

significant in safety-critical applications where missing an anomaly may have serious 

consequences. This is consistent with the overall quantitative results and demonstrates that 

temporal information can be used to greatly improve the robustness and reliability of 

accident detection under real-world surveillance scenarios. 

  

             
(a)                                                                  (b) 

Figure 5.10: Confusion Matrix for the proposed CVAE-ADS on (a) IITH and  

(b) UCF-Crime. 

(TN) (FP)

(FN) (TP)

(TN) (FP)

(FN) (TP)

                 
(a)                                                                  (b) 

Figure 5.11: Confusion Matrix for the proposed Conv-BiLSTM on (a) IITH and  

(b) UCF-Crime. 
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• Regularity Score Analysis (or Temporal Analysis)  

Figure 5.12 shows the regularity score for each frame of IITH and UCF-Crime. The 

regularity score is a measure of how close the frame is to the learned normal frames, with 

higher scores corresponding to normal behaviour and lower scores corresponding to possible 

anomalies. 

For the IITH dataset, as seen in Figure 5.12 (a), the regularity score is a high value in the 

normal parts of the network, showing a consistent reconstruction of the normal traffic 

pattern. Sharp decreases in the score are seen during accident events, with clear evidence of 

anomalies. Likewise, for the UCF-Crime dataset shown in Figure 5.12 (b), drops in the 

regularity score are associated with anomalous intervals. The differences are slightly less 

smooth because there is more detail in the different scenes, but the differences between 

normal and abnormal segments still stand out. 

This threshold line tells the difference between the normal and abnormal frames, and most 

of the abnormal regions are below the threshold line, which indicates that the abnormal 

frames are detected. In general, the results demonstrate that the Conv-BiLSTM model can 

             

 
(a) 

       
(b) 

Figure 5.12: Regularity Score Vs. Frame Indexed for the proposed Conv-BiLSTM 

on (a) the IITH and (b) the UCF-Crime. 
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effectively capture the temporal changes and accurately detect anomalies in the temporal 

dimension. 

• Threshold Analysis 

Figure 5.13 illustrates the precision, recall, and F1 score as they change with the decision 

threshold for both models. A higher threshold will result in higher precision but lower recall, 

setting up better control over FPs and FNs. 

The CVAE-ADS model performs best at moderate thresholds and has a steeper decrease in 

recall at higher thresholds. The F1-scores for the Conv-BiLSTM model, on the other hand, 

are relatively stable with precision and recall when varying the threshold across a broader 

range. This means increased robustness and less dependence on the choice of threshold. The 

best operating point is the one that falls around the middle of the threshold, maximizing the 

F1 score.  

• Precision–Recall Analysis: 

The precision–recall performance curves of both models are depicted in Figure 5.14. The 

precision of both approaches gradually declines with an increase in recall. The Conv-

BiLSTM model, however, shows consistently higher precision in the majority of recall 

values as compared to CVAE-ADS. 

The Conv-BiLSTM curve shows high dominance, which means it is able to discriminate 

between normal and abnormal frames well, possibly because of its capability to capture 

      

 
                  (a)                                                (b) 

Figure 5.13: Precision, Recall, and F1-score vs. decision threshold (T) for  

CVAE-ADS and Conv-BiLSTM on (a) IITH and (b) UCF-Crime datasets 
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temporal relations. The chosen operating points additionally demonstrate that Conv-

BiLSTM is able to strike a perfect balance between precision and recall. In summary, the 

results show that Conv-BiLSTM is more reliable and robust for anomaly detection. 

5.4.2 Video Summarization Results 

The performance of the proposed models for the generation of compact and informative 

video summaries for both datasets is evaluated here. The evaluation is based on the important 

measures like reduction rate, diversity rate based on one minus SSIM, Silhouette score, and 

Peak signal to noise ratio.  

• Performance of CVAE-ADS Model 

The proposed CVAE-ADS model in the IITH dataset provides a high reduction rate (70% to 

85%), and in the UCF-Crime dataset, it demonstrates a high reduction rate (70% to 80%), as 

         Table 5.4: CVAE-ADS Video Summarization Performance 

Metric IIT Hyderabad  
UCF-Crime 

Accident  

Reduction Rate (%) 70-85% 70–80% 

Diversity Rate (1 − SSIM) 0.7249 0.70 

Silhouette Score (t-SNE) 0.56 0.52 

PSNR 30.1 dB 28.8 dB 

 

 

 

       
(a)                                                  (b) 

Figure 5.14: Precision–Recall (PR) curves of the proposed CVAE-ADS and  

Conv-BiLSTM models on (a) the IITH and (b) the UCF-Crime dataset. 
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shown in Table 5.4 and Figure 5.15. This means that it works well to eliminate repeated 

frames and keep valuable content. 

The diversity scores for the IITH dataset and UCF-Crime dataset are 0.7249 and 0.70, 

respectively, indicating that the selected frames have sufficient diversity. Moreover, the 

silhouette scores are 0.56 and 0.52, which shows that the latent representations are 

reasonable. clustered. The PSNR values of 30.1 dB and 28.8 dB also verify that the 

reconstructed summaries are of acceptable visual quality. 

Since it is important to assess the practical effectiveness of the proposed approaches, sample-

based evaluation is performed for some of the selected videos from both data sets. An 

important condition to note is that only a portion of the videos is shown, and this analysis is 

therefore indicative and not a full comparison. 

 The performance of the CVAE-ADS approach on sample IITH and UCF-Crime videos is 

shown in Tables 5.5 and 5.6, respectively. The model can summarize the IITH dataset with 

a 71%–77% reduction while keeping most accident frames. For instance, in Video 1, 240 

frames out of 305 are kept with reduction 77.1% and compression 4.20×. For the UCF-Crime 

dataset, similar trends are observed, and the amount of reduction is between 73% and 79%. 

For example, Video 2 has compression of 4.68× and a reduction of 78.6% and retains 278 

frames. Overall, CVAE-ADS is well balanced between accident frame retention and 

compression, but a few frames are lost.  

  

 

       Figure 5.15: Performance Comparison of CVAE-ADS Summarization 

Model  
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Table 5.5: Performance Evaluation on Sample IITH Videos 

Video Original 

Frames 

Accident 

Frames 

Retain

ed 

(TP) 

Missed 

(FN) 

Summari

zed 

Frames 

Summariz

ation 

Reduction 

(%) 

Compressi

on (×) 

Video 1 2,941 305 240 65 70 77.1 4.20 

Video 2 2,432 104 82 22 28 73.1 4.05 

Video 3 4,200 85 66 19 22 74.1 3.95 

Video 4 1,439 53 43 10 16 71.7 3.70 

Video 5 2,980 225 187 38 52 76.8 4.35 

Table 5.6: Performance Evaluation on Sample UCF-Crime Videos 

Video Original 

Frames 

Accident 

Frames 

Retain

ed 

(TP) 

Missed 

(FN) 

Summa

rized 

Frames 

Summarizat

ion 

Reduction 

(%) 

Compressi

on (×) 

Video 1 918 201 159 42 50 75.1 4.02 

Video 2 1,773 351 278 61 75 78.6 4.68 

Video 3 4,449 151 119 32 40 73.5 3.77 

Video 4 1,799 151 125 26 38 74.8 3.97 

Video 5 2,580 351 278 56 72 79.5 4.87 

• Performance of Conv-BiLSTM Model 

The performance of the summarization approach based on Conv-BiLSTM is given in Table 

5.7 and Figure 5.16 below. The model provides a similar reduction range (65%-85%) and 

shows better diversity (0.8567 and 0.82) and silhouette scores (0.64 and 0.55) on both sets 

of data. 

Moreover, the PSNR is 32.45 dB and 31.3 dB, which are higher than the CVAE-ADS model, 

suggesting that the reconstruction quality is better and visual details are preserved. This 

indicates that the Conv-BiLSTM model has more capability to capture the key temporal and 

structural information when summarizing.  
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Tables 5.8 and 5.9 give a summary of the CONV-BiLSTM model performance. For IITH 

data, the model has a better effect in reducing the data (77%-82%) and a better retention 

effect. For instance, video 1 has 250 frames, 80.3% reduction, and 5.08 compression. For 

the UCF-Crime dataset, the reduction ranges from 77 to 81, and the data is similar across 

videos. For example, in the case of Video 5, the compression ratio is 4.15 x and the reduction 

is 80.9%. Overall, CONV-BiLSTM presents a larger reduction and maximum compression 

with competitive accent frames as compared to CVAE-ADS.  

Table 5.8: Performance Evaluation on Sample IITH Videos 

Video 
Original 

Frames 

Accident 

Frames 

Retain

ed 

Accide

nt (TP) 

Missed 

(FN) 

Summari

zed 

Frames 

Summariz

ation 

Reduction 

(%) 

Compressi

on (×) 

Video 1 2,941 305 250 55 60 80.3 5.08 

Video 2 2,432 104 85 19 22 78.8 4.73 

           Table 5.7: Conv-BiLSTM-based Video Summarization Performance 

Metric IIT Hyderabad  
UCF-Crime 

Accident 

Reduction Rate (%) 70-85% 65–80% 

Diversity Rate (1 − SSIM) 0.8567 0.82 

Silhouette Score (t-SNE) 0.64 0.55 

PSNR 32.45 31.3 

 

 

 

 

     Figure 5.16: Performance Comparison of Conv-BiLSTM 

Model 
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Video 3 4,200 85 70 15 18 78.8 3.89 

Video 4 1,439 53 43 10 12 77.4 3.58 

Video 5 2,980 225 185 40 40 82.2 4.63 

Table 5.9: Performance Evaluation on Sample UCF-Crime Videos 

Video 
Original 

Frames 

Accident 

Frames 

Retained 

Accident 

(TP) 

Missed 

(FN) 

Summarized 

Frames 

Summari

zation 

Reductio

n (%) 

Comp

ressio

n (×) 

Video 1 918 201 159 42 45 77.6 3.53 

Video 2 1,773 351 278 73 70 80.1 3.97 

Video 3 4,449 151 119 32 32 78.8 3.72 

Video 4 1,799 151 119 32 31 79.5 3.84 

Video 5 2,580 351 278 73 67 80.9 4.15 

5.5 Qualitative Analysis 

In this section, the proposed models will be qualitatively assessed; this will be done by visual 

analysis in addition to the quantitative analysis. Evaluation is done based on the separability 

of the features, the quality of the reconstruction, and the relevance of the generated summary. 

5.5.1 Latent Space Visualization 

Figures 5.17 and 5.18 show the latent feature visualization using t-SNE learnt by the CVAE-

ADS model for both the datasets compared with the Conv-BiLSTM model. Figure 5.17 

demonstrates that the CVAE-ADS model exhibits some separation between the normal and 

anomalous frames, but there is still overlap, suggesting the limited discriminative property 

of the latent space. By contrast, as shown in Figure 5.18, the Conv-BiLSTM model can create 

tighter and more coherent clusters and provides a separation between normal and anomalous 

instances, especially for the IITH data set. This implies that temporal modelling can better 

represent features by capturing sequential dependency.  

There is still some overlap in the UCF-Crime dataset, but the cluster structure is more 

organized when compared to CVAE-ADS, as the scenes are more complex. The denser intra-

class grouping and the distinct inter-class boundaries indicate good feature discrimination. 
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These observations validate that Conv-BiLSTM produces more structured and separable 

latent representations, which yield better anomaly detection performance. 

5.5.2 Reconstruction Quality Analysis 

The visual comparison of the original and reconstructed frames as shown in Figure 5.19 

and Figure 5.20 shows the reconstruction capability of both the models for IITH accident 

and UCF-Crime datasets. In regular traffic situations, the reconstructed frames are very 

similar to the original inputs, showing that the models are able to well capture and preserve 

the underlying spatial characteristics. 

Contrarily, frames with abnormal events exhibit significant blur and loss of fine details in 

the reconstructed outputs. This is to be expected in reconstruction-based approaches 

because the models are trained mostly on normal patterns and are not able to reconstruct 

the unseen anomalies accurately. 

    
(a)                                                                    (b) 

Figure 5.17: t-SNE of Latent Features for CVAE-ADS Model on  

(a) IITH and (b) UCF-Crime 

 
(a) -                                                                   (b) 

Figure 5.18: t-SNE of Latent Features for Conv-BiLSTM Model on  

(a) IITH and (b) UCF Crime 
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(a) 

 
(b) 

Figure 5.20: Visual results of original and reconstructed frames for  

(a) IITH and (b) UCF-Crime generated by the Conv-BiLSTM model 

 

    
(a) 

(b) 

Figure 5.19: Visual results of original and reconstructed frames for  

(a) IITH and (b) UCF-Crime generated by the CVAE-ADS 

 

 



119 

 

The comparison shows that the Conv-BiLSTM model generates more structurally consistent 

and well-represented objects than CVAE-ADS. The quality of reconstruction has been 

improved with better-preserved spatial details and less distortion, which indicates good 

temporal modelling. In general, the visual results confirm the finding that reconstruction 

errors are more significant in areas of anomalies and thus are good indicators for anomaly 

detection. 

5.5.3 Summary Quality Assessment 

In Figure 5.21 and Figure 5.22, the qualitative summarization of the sample videos of the 

IITH and UCF-Crime datasets by both proposed models is discussed. It should be pointed 

out that there are a few video clips shown to be visually illustrated. 

The CVAE-ADS model demonstrates that the model is able to capture important moments 

related to accidents and eliminate redundant frames. The resulting summaries are brief and 

focus on major events, with occasional inclusion of some irrelevant frames indicating a fairly 

cautious summarization approach. The summaries generated by the model Conv-BiLSTM 

are more accurate and detailed, with the frames identified being more localized to the 

occurrence of the accident. The model generates fewer and more accurate summaries, 

minimizing redundancy but preserving significant information on time. 

Comprehensively, the two models have effective balances between compression and 

information retention. Though CVAE-ADS is more efficient for summarization with less 

complexity, Conv-BiLSTM can provide more diversity, quality of clustering, and 

reconstruction. This highlights the advantage of temporal modelling to create more useful 

accident segments. However, the CONV-BiLSTM generated quite concise, informative, and 

credible video summaries. Both models have proven success in the task of outlining narrower 

summaries, and CVAE-ADS provides both consistent and stable coverage of events. 

5.6 Comparative Analysis with State-of-the-Art Methods 

The comparative research of the current state-of-the-art techniques for accident detection 

available in the literature is presented in Table 5.10, which helps to prove the effectiveness 

of the suggested techniques in different benchmarks. Previous studies like Singh et al. [119] 

and Pawar et al. [132] have utilized unsupervised techniques of autoencoders, but with 

considerably lower AUC (77% and 79%) and larger numbers of EER for the IITH dataset.  
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(a) 

 

 
 

(b) 

        Figure 5.21: Example outcomes of video summarization by CVAE-ADS:  

            (a) IITH and (b) UCF-Crime.  

 
(a) 
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Supervised algorithms are based on complicated structures and labelled data, and they obtain 

better results in detection (up to 92.5%) and AUC (96.32%) [130]. Conversely, the 

unsupervised but competitive CVAE-ADS model obtains an AUC of 91.2% (IITH) and 

89.3% (UCF-Crime) as well as lower EER values. Moreover, the suggested Conv-BiLSTM 

model shows better performance with AUCs of 94.60% (IITH) and 91.80% (UCF-Crime) 

and lower EERs (14.97% and 16.20%), which implies a better detection rate and strength. 

Overall, the proposed models offer a more balanced performance and practicality compared 

to existing models, especially in terms of dependence on labelled data while achieving high 

detection accuracy. 

Table 5.10: Comparison with State-of-the-Art Accident Detection. 

Ref. Learning Approach Dataset 
AU

C 
EER 

mA

P 

Detecti

on 

Rate 

FA

R 

[119] 
Unsupervi

sed 

Unsupervised 

Denoising 

Autoencoder + 

One-Class 

SVM 

IITH 77% 
22.50

% 
- - - 

[129] Supervised 
DETR + 

Random Forest 

 
82% - - 78.2% - 

[130] Supervised 

Retinex + 

YOLOv3 + 

Decision Tree 

Online 

CCTV 

videos 

96.3

2% 
- - 92.5% 

7.5

% 

 
                                                          (b) 

Figure 5.22: Example outcomes of video summarization by Conv-BiLSTM:  

(a) IITH, (b) UCF-Crime 
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[131] Supervised 
CNN + Rolling 

Prediction 

VAID & 

Test 

Dataset 

- - - 88% - 

[132] 
Unsupervi

sed 

Conv-AE + 

Seq2Seq LSTM 

Autoencoder 

IITH 79% 
20.50

% 
60%  - - 

DOTA 
84.7

0% 

11.7

% 
- - - 

[133] Supervised 

YOLOv2 + 

Transfer 

Learning 

IITH - - 76% - - 

[134] 
Semi-

Supervised 

Object 

Interaction + 

Refinement + 

Heatmaps 

UCF 

Crime 

69.7

0% 
- - - 0.8 

CADP 
72.5

9% 
- - - 2.2 

[135] Supervised 

Lightweight 

I3D - 

ConvLSTM2D 

Custom 

Dataset 
- - 87% 80% - 

Our 

Work 

Unsupervi

sed 

Proposed 

CVAE-ADS 

IITH 
91.2

% 

16.5

% 
- - - 

UCF-

Crime 

89.3

% 

18.7

% 
- - - 

Proposed 

Conv-BiLSTM 

Approach 

IITH 
94.6

0% 

14.97

%    

UCF-

Crime 

91.8

0% 

16.20

% 

As shown in Table 5.11, the comparison with the already available video summarization 

methods demonstrates that the proposed methods are quite efficient in reducing the diversity 

and being visually appealing. Thomas et al. [136] and Kosambia et al. [137] have proposed 

some algorithms in the past, which are primarily perceptual or Spatio-temporal, but don't 

give quantitative values like reduction rate, diversity, PSNR, etc. There are also some 

algorithms that have been proposed by Pramanik et al. [138]. Moderate reduction rates 

(around 20-50 %) are reported in more recent methods such as YOLOv5 [139] and Saxena 

et al. [140], which don't provide diversity assessment and quality evaluation. Conversely, 

the CVAE-ADS solution is much more effective in reducing the frame (70-85% and 70-
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80%, respectively) and retains good diversity (0.7249 and 0.70) and reasonable visual quality 

(PSNR up to 30.1 dB). Moreover, the results show the effectiveness of the proposed Conv-

BiLSTM method with high reduction rate (up to 85%), high diversity (up to 0.8567), and 

high reconstruction quality (PSNR up to 32.45 dB). The proposed models are, in general, 

better than the existing ones, providing a more balanced compromise between compression, 

diversity, and visual quality and are therefore more suited for practical application in video 

summarization. 

    Table 5.11: Comparison of state-of-the-art video summarization techniques 

Ref. 
Approach / 

Model 

Dataset(s) 

Used 

Reduction 

Rate (%) 

Diversity 

Rate 

PSNR 

(dB) 

[136] 
Perceptual Video 

Summarization 

YouTube-8M, 

Urban Tracker 

Used 

saliency 
× × 

[137] 
Video Synopsis 

using ResNet 
IITH × × × 

[138] 

Z-STRFG: 

Spatio-temporal 

fuzzy approach 

YouTube8M, 

Anomaly20, 

Urban Tracker 

× × × 

[139] 

YOLOv5 + 

Privacy-

preserved 

summarization 

Synthetic + 

Real-time 

Data 

42.97% × × 

[140] 

YOLOv5 + 

Event-based 

summarization 

Synthetic + 

Real Traffic 

Videos 

20–50% × × 

Proposed 

CVAE-

ADS 

Approach 

Conv-VAE + 

Latent Space 

Clustering 

IITH, 70-85% 0.7249 30.1 

UCF-Crime 70-80% 0.70 28.8 

Proposed 

Conv-

BiLSTM 

Approach 

Conv-BiLSTM + 

Latent Space 

Clustering 

IITH 70-85% 0.8567 32.45 

UCF-Crime 65–80% 0.82 31.3 
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5.7 Chapter Summary 

In this chapter, a complete experimental evaluation of the proposed event-based video 

summarization system for the traffic surveillance application was presented. The evaluation 

was performed on two publicly available benchmark data sets, the IITH data set and the 

UCF-Crime (accident subset) under a common unsupervised learning scenario with both 

models trained only with normal traffic data. To evaluate the accident detection and video 

summarization component of the framework, a set of well-defined performance metrics were 

used: AUC, EER, reduction rate, diversity score, and PSNR. 

The proposed CVAE-ADS model was shown to be reliable on both datasets with an AUC of 

0.912 and 0.893 and corresponding EER of 16.5% and 18.7% on IITH and UCF-Crime, 

respectively. On the summarization side, it achieved a considerable compression ratio of 70-

85% with a diversity score of 0.7249 and PSNR of 30.1 dB on IITH. The results show that 

the spatial probabilistic latent representation learnt by CVAE-ADS is useful for normal 

traffic modelling and for providing compressed informative event summaries without relying 

on any labelled data. 

Conv-BiLSTM Autoencoder was superior to CVAE-ADS in all aspects of the evaluation: 

0.9460 AUC on IITH and 0.918% AUC on UCF-Crime, and lower EER of 14.97% and 

16.20%, respectively. It had equally good summarization results with a maximum reduction 

of up to 85%, a diversity score of 0.8567, and a PSNR of 32.45 dB. Such improvements are 

due to the benefits of bidirectional sequence learning, which has the capability of modelling 

both spatial appearance and temporal dynamics in order to better capture motion-based 

anomalies as well as temporally coherent event structures compared to frame-level methods. 

Both proposed models achieved competitive and, in some cases, better performance than the 

current state-of-the-art methods, especially because they are completely unsupervised. 

Although supervised methods, like Retinex + YOLOv3 or DETR + Random Forest, with 

annotated accident samples and complex multi-stage pipelines, can obtain higher detection 

rates, the proposed models can still obtain similar or higher detection results without relying 

on annotated accident samples. For video summarization, the presented methods achieved 

significant improvement over previous video summarization methods in terms of 

compression efficiency and visual quality, further supporting the feasibility of latent space-

based summarization. 
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In this chapter, the results from the findings of the chapter have been presented, that proves 

the proposed intelligent traffic surveillance framework to be effective and feasible. In the 

next chapter, the overall conclusions of this research are presented, the limitations of this 

research are discussed, and the directions for future research are highlighted. 
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Chapter 6: Conclusion and Future Scope 

6.1 Summary of Research Work 

As the number of smart city infrastructure continues to grow, the amount of traffic 

surveillance footage has also increased substantially, making it increasingly impractical to 

manually monitor all such footage to detect accidents and prove events in real-time. The 

study aimed to fill this need with an automated, intelligent, and annotation-free system to 

detect accident events from continuous traffic surveillance streams and summarize them into 

short and informative video snippets. 

In this regard, an end-to-end event-based video summarization framework was proposed and 

tested, based on two complementary deep learning architectures. The first one is the 

Convolutional Variational Autoencoder for Accident Detection and Summarization (CVAE-

ADS), which is designed to learn probabilistic latent representations of normal traffic 

frames. The model estimates the spatial distribution of the regular traffic patterns and flags 

as anomalies the frames whose reconstruction quality falls below a threshold, which is 

computed from the statistics of the model. The second architecture was the Conv-BiLSTM 

Autoencoder, which built on this by introducing bidirectional temporal models using stacked 

BiLSTM layers in the autoencoder on sliding window frame sequences. The combination of 

spatial and temporal learning enabled the model to learn the continuity of movements, abrupt 

changes, and transitions between events, which are essential for accurate accident detection 

in dynamic surveillance settings. 

Both models were trained using only normal traffic data in an unsupervised learning 

paradigm to avoid the need for expensive and scarce labelled accident data. Both 

architectures were then subjected to a common summarization pipeline, which was based on 

a video. To encode the anomalous frames into latent representations, cluster them by the K-

Means algorithm based on the visual similarity and represent them by centroid-based 

selection by reducing them to keyframes. Then, using SSIM, only those frames that were 

visually different were kept, and the keyframes were sorted by time to create a short 

summary video focused on events. The entire framework has been tested on the IITH and 

UCF-Crime benchmark datasets, and the results show good performance in accident 

detection and summarization.  
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6.2 Key Contributions 

The key findings from this research are as follows:   

• Design of the CVAE-ADS Framework: A novel framework of convolutional 

variational autoencoder (CVAE) for joint anomaly detection and summarization for 

smart traffic monitoring was proposed. The model can learn the normal traffic 

distribution behaviour, as well as capture deviations from this distribution as indications 

of accident events, without the need for any labelled anomaly data, by combining linear 

convolutional feature extraction with a probabilistic latent space.  

• Integration of Conv-BiLSTM for Spatio-Temporal Anomaly Detection: The Conv-

BiLSTM autoencoder was designed to model the spatial and temporal characteristics of 

traffic video sequences.  

The two bidirectional LSTM layers (over the sequences of the sliding window) enable 

the model to learn both forward and backward temporal relationships, resulting in 

enhanced detection accuracy and robustness of motion-based anomalies compared to 

frame-based approaches. 

• Adaptive Thresholding Strategies: A statistical threshold defined by the mean and 

standard deviation of the reconstruction errors for the CVAE-ADS and a threshold 

defined by Median Absolute Deviation (MAD) and Exponential Moving Average 

(EMA) smoothing for the Conv-BiLSTM model. These adaptive strategies increase 

detection stability and decrease noise and environmental variability sensitivity.  

• Unified Latent-Space-Driven Summarization Pipeline: A summarization framework 

that can be used with both proposed models was developed, instead of using the pixel-

level approach. Combining K-Means clustering, centroid-based keyframe selection, and 

SSIM-based redundancy removal allows generating semantically meaningful and 

compact video summaries that are able to accurately capture the progression of the 

accident event. 

• Annotation-Free Unsupervised Learning Paradigm: Both proposed models are 

trained with normal traffic footage and don't require any labelled training data. This 

renders the framework applicable and efficient in surveillance scenarios with little or no 

annotated accident data.  

• Comprehensive Benchmarking on Public Datasets: The framework was extensively 

tested over two publicly available datasets (IITH and UCF-Crime), and it outperforms 
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or matches the current state-of-the-art supervised and unsupervised methods with 

significantly reduced need for annotated data.  

6.3 Limitations of the Proposed Framework 

However, the results obtained using the proposed framework were encouraging with the 

CVAE-ADS and Conv-BiLSTM models achieving 92.5% and 94.0% accuracy on the IITH 

accident dataset and 88.6% and 90.0% on the UCF-Crime accident subset, with AUC values 

of up to 0.946, which should be considered in the context of the experimental setting. The 

limitations of contributions made by this research are therefore as follows: 

First, the experimental validation was limited to two benchmark datasets: (a) the IIT 

Hyderabad (IITH) accident dataset, captured from the fixed CCTV surveillance network of 

Hyderabad City, and (b) a road-accident subset of the UCF-Crime dataset, which is real-

world surveillance footage captured from low-resolution cameras. These datasets, 

collectively, have a limited range of traffic scenarios and camera viewpoints that are useful. 

The numbers presented are for those configurations; it has yet to be proven if similar results 

can be achieved on bigger surveillance networks or in other geographic and infrastructural 

scenarios. 

Second, the models developed in this work are reconstruction based, since both datasets 

consist of fixed-angle CCTV footage; robustness to camera motion, pan–tilt–zoom operation 

and aerial viewpoints was therefore not evaluated. Although the footage naturally spans 

diverse conditions like daytime, nighttime, and early-morning lighting, varying weather, 

traffic congestion, and partial occlusions. In the data, such as heavy fog, storms, or severe 

occlusion, therefore, remains untested, and no claim of robustness under such conditions is 

made. As presented in this thesis, the adaptive thresholding mechanism increases tolerance 

to slower scene changes but would require specific testing on condition-annotated data to be 

declared reliable in very dynamic scenarios. 

Third, all experiments were performed on workstations with GPUs. The Conv-BiLSTM 

model, in particular, due to its temporal sequence processing, has a computational cost that 

has not been optimized for low-power hardware. The deployment in real time on 

edge/embedded surveillance devices was not considered within the scope of this work. 
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Lastly, a framework was designed and evaluated for the identification of single accident 

events. It was not tested in multiple events or events that happened close to each other in 

time in dense traffic scenes. 

6.4 Conclusion 

This research focused on the need for intelligent and automated traffic surveillance systems 

that can efficiently analyse and process the vast amount of continuous video data. 

Conventionally deployed surveillance techniques include manual inspection or supervised 

learning methods, which need a vast amount of labelled data. To address these drawbacks, 

this work presented a unified event-based video summarization framework for traffic 

surveillance through a combination of anomaly detection and automatic video 

summarization. The objective was to identify such anomalies in the framework and produce 

concise summaries that still carry a lot of useful information from the continuous 

surveillance footage, without any labelled data of accidents. 

Two deep learning architectures, CVAE-ADS and Conv-BiLSTM Autoencoder, were 

developed and evaluated. In the CVAE-ADS framework, probabilistic latent representation 

learning was used to model normal traffic behaviour, and anomalies were detected using the 

reconstruction error analysis. The Conv-BiLSTM approach, on the other hand, combined 

spatial feature extraction by using a convolutional network with temporal sequence 

modelling by the BiLSTM network, aiming to model traffic dynamics from both appearance 

and motion perspectives. The use of adaptive thresholding mechanisms, latent-space 

clustering, centroid-based keyframe selection, and redundancy removal based on SSIM 

allowed the framework to produce short and event-centric summaries, which do not lose any 

important information about accidents. 

These proposed approaches were thoroughly tested on both the IITH and UCF-Crime 

datasets with quantitative and qualitative performance measures. The experimental results 

showed that the proposed models had high anomaly detection ability and good 

summarization performance in reality traffic surveillance environment. The CVAE-ADS 

model successfully reached the detection accuracy with computational efficiency, making it 

appropriate for resource-aware surveillance environments. The Conv-BiLSTM model 

consistently performed best because it can model temporal dependencies and motion 

continuity from the video sequences. Additionally, the compression efficiency, diversity, 
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and visual quality of the generated summaries were very high, which verified the 

effectiveness of the latent-space-driven summarization framework. 

The proposed framework was also compared with the state-of-the-art techniques, and the 

comparative analysis further proved the effectiveness of the proposed framework. Also, the 

proposed models do not require complex multi-stage processing pipelines or annotated 

accident data like many supervised approaches. This clearly shows the importance of 

reconstruction-based learning in intelligent surveillance systems, especially in real-world 

applications with restricted, costly, or inaccessible anomaly data. The combined anomaly 

detection and summarization within a single framework also enhances the efficiency of the 

operations by both cutting down on storage space needed and manual review time. 

In sum, the results of this study show that reconstruction, unsupervised deep learning, and 

latent space-driven summarization can be an effective and efficient method for intelligent 

traffic surveillance. The proposed framework also helps in the development of automated 

systems that can assist in the monitoring of traffic, the analysis of accidents, emergency 

response, and smart city management. This research combines both anomaly detection and 

event summarization into a single framework, which has the potential to provide a solid base 

for future development of intelligent video surveillance systems and traffic analysis systems.  

6.5 Future Scope 

The limitations described in Section 6.3 indicate several specific directions in which this 

work can be pursued. 

Although the proposed models performed well across the diverse conditions present in the 

evaluation data, such as daytime, night-time, and early-morning lighting, varying weather, 

traffic congestion, and partial occlusions, their behaviour under extreme scenarios that are 

absent or rare in the data, such as heavy fog, storms, or severe occlusion, remains untested. 

Future work should therefore evaluate the models on larger surveillance collections that 

explicitly include such extreme conditions, so that robustness can be quantified for each 

scenario individually. Extending the evaluation to moving or pan–tilt–zoom cameras would 

further relax the fixed-camera assumption underlying the present reconstruction-based 

models. Transformer architectures and attention mechanisms can be added to the Conv-

BiLSTM pipeline to better capture long-range temporal dependencies, while multi-camera 



131 

 

fusion could alleviate the dependence on a single viewpoint and make detection more 

reliable for occlusion. 

In order to overcome the above-mentioned computational limitations, further studies will be 

conducted on model compression techniques, including pruning, quantization, and 

knowledge distillation, and their application to the model of this thesis to ensure the detection 

accuracy obtained in this research is maintained on resource-limited edge and embedded 

platforms. This would move the framework from an offline evaluation to practical real-time 

deployment in operational surveillance networks. 

Single event assumption is also worth considering. To expand the detection stage so that it 

could detect multiple accidents happening in real time, or in quick succession in dense 

traffic, would necessitate a rethinking of the anomaly scoring as well as the event-

segmentation logic, and would be a logical progression towards more complex deployments 

in urban settings. In addition to visual data, incorporating complementary modalities like 

audio signals, roadside sensors, or vehicle telemetry could help to disambiguate events that 

are similar in appearance and enhance decision support in such cases. 

Lastly, the event-based summarization module created in this thesis could be extended to 

include semantic-aware approaches that would add temporal labels and automatically 

generated descriptions to the events detected. These sorts of summaries would be more 

directly usable by traffic authorities and emergency response teams, making the overall 

system more interpretive. 

Collectively, these directions further the contributions made in this research and provide a 

roadmap for future efforts to create more general, efficient, and interpretable traffic 

surveillance systems. 
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