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Abstract: The detection of moving objects has become of great interest in numerous computer vision tasks. The research 

community has extended significant efforts in tackling the problems of detecting moving objects in real-world condition. 

This paper provides an extensive review of different techniques for moving object detection, which are categorized into four 

main groups: There are four categories of techniques that have been used in this work: Background Modeling-Based 

techniques, Frame Difference-Based techniques, Optical Flow-Based techniques, and Deep Learning-Based techniques. 

Furthermore, the paper provides the specific techniques for each of these categories. Keywords: Moving Object Detection 

Techniques; Computer Vision; Comprehensive Survey. 

Introduction:  

In the recent years, automated video analysis 

has become an important research area in 

computer vision, due to its uses in many 

video-based intelligent systems. The process 

of analysing video sequences typically 

involves three main stages: identifying the 

existence of important moving objects, 

tracking these objects in each frame, and 

interpreting the object motion trajectories to 

estimate the object’s action or behaviours. 

Furthermore, surveillance systems are of great 

importance in preventing and mitigating 

against criminal and terrorist risks in civilian 

and corporate environments. These systems 

are based on the capability to recognize 

moving objects within the indoor and outdoor 

scenarios, which is crucial to the information 

acquisition in the computer vision-based 

applications. In this work, the term ‘object’ 

denotes any entity that is bounded, such as 

persons (including pedestrians) and artifacts 

(including vehicles, ships, buildings, etc.), 

regardless of the background. 

Due to the various factors like multiple objects 

in motion in a scene, small objects, low quality 

object texture, changing light conditions, 

shadow effects and occlusion, detection of 

moving or foreground objects has been a 

difficult task. In the last several decades, much 

work has been done to address the problem of 

detecting various kinds of moving objects, 

such as cars and people, in both indoor and 

outdoor conditions. Although a large amount 

of work has been done in this area, there is no 

systematic survey and experimental evaluation 

of the literature on generic object detection. 

This paper seeks to solve this problem by 

undertaking a critical analysis of the models 

currently employed for the purpose of 

identifying moving objects in different 

situations. The survey categorizes object 

detection techniques based on the schemes 

applied for detecting the obvious moving 

objects. This review should be useful to 

researchers seeking to learn more about this 

area and to identify which algorithm may best 

meet their requirements. 



Among all the subfields of computer vision, 

the detection of moving objects is one of the 

most exciting and rapidly developing. Object 

detection and motion analysis are crucial 

components that are widely used in various 

fields such as surveillance systems, robotics, 

autonomous vehicles, etc. The existence of 

numerous real-world issues with regards to the 

detection of moving object have led to 

increased research efforts resulting to more 

and more new methods and techniques 

typically involves three main stages: detecting 

prominent moving objects, tracking these 

objects frame by frame, and analysing the 

object tracks to predict their behaviours or 

activity. Additionally, surveillance systems 

play a crucial role in protecting against 

criminal and terrorist threats in both public and 

private sectors. These systems depend on the 

ability to detect moving objects in both indoor 

and outdoor environments, which is an 

essential step for information extraction in 

computer vision applications. The term 

"object" refers to any entity with well-defined 

boundaries, including both human figures 

(e.g., pedestrians) and man-made objects (e.g., 

vehicles, ships, buildings), irrespective of their 

background environment. 

Detecting moving or foreground objects has 

been a challenging task due to several factors, 

such as the presence of multiple moving 

objects in the scene, small or poorly textured 

objects, variations in lighting conditions, 

shadows, and occlusions. Over the past few 

decades, significant efforts have been made to 

develop methods for detecting different types 

of moving objects, including vehicles and 

pedestrians, in both indoor and outdoor 

environments. Despite the vast number of 

existing methods, there is still a lack of 

comprehensive reviews and experimental 

analysis of literature focused on generic object 

detection. This paper aims to address this gap 

by providing a critical review of the current 

models used for detecting moving objects in 

various conditions. The survey categorizes 

object detection techniques based on the 

approaches used to identify prominent moving 

objects. This review will be valuable for 

researchers to gain a deeper understanding of 

this field and help them choose the most 

suitable algorithm for their specific needs. 

In the realm of computer vision, one of the 

most captivating and dynamically evolving 

subfields is that of moving object detection. 

The capacity to perceive and track objects in 

motion is pivotal, finding applications across a 

spectrum of domains, including surveillance 

systems, robotics, autonomous vehicles, and 

augmented reality. The complexities and 

challenges associated with detection of 

moving object in real-world have fuelled a 

prolific body of research, leading to the 

development of an array of innovative 

techniques and methodologies. 

This article embarks on a comprehensive 

exploration of the multifaceted landscape of 

moving object detection. It is characterized by 

a nuanced understanding of the field's intrinsic 

challenges and the ingenious solutions that 

researchers have devised over time. 

Specifically, this review categorizes these 

solutions into four distinct classes, each 



representative of different paradigms: Frame 

Difference Based techniques, Deep Learning 

Based techniques, Optical Flow Based 

technique and Background Modelling Based 

techniques. These categories serve as 

organizational pillars, allowing for a structured 

examination of the state-of-the-art in moving 

object detection. 

The significance of this survey lies not only in 

its capacity to provide a bird's-eye view of the 

field's current standing but also in its potential 

to guide and inform both seasoned researchers 

and newcomers. With the evolving diversity of 

moving object detection approaches, selecting 

the most apt algorithm for a particular 

application can be a formidable task. This 

review seeks to alleviate this challenge by 

offering a comprehensive panorama, enabling 

stakeholders to navigate through the various 

methodologies with greater clarity and 

discernment. As the evolution of computer 

vision continues to advance, propelled by 

emerging technologies and ever-expanding 

applications, understanding the underpinnings 

of moving object detection is paramount. This 

review, with its categorization and exploration 

of techniques, as well as its insights into the 

nuances of each category, contributes to the 

broader discourse within computer vision and 

fosters a deeper appreciation of the profound 

impact that moving object detection has on the 

world of visual perception and intelligent 

systems. 

In the rapidly evolving field of computer 

vision, the pursuit of robust moving object 

detection has taken centre stage, driven by its 

pivotal role in a myriad of real-world 

applications. Whether it's enhancing 

surveillance systems, enabling autonomous 

vehicles to navigate complex environments, or 

powering interactive augmented reality 

experiences, the ability to accurately identify 

and track moving objects is foundational. 

 

The intricacies and challenges associated with 

detection of moving object in dynamic, 

scenarios of real world have ignited a flurry of 

research activity, resulting in a diverse array of 

innovative techniques and methodologies. This 

article embarks on a comprehensive 

exploration of this vibrant landscape, shedding 

light on both the inherent complexities and 

ingenious solutions that researchers have 

crafted over time. To provide clarity and 

structure to this review, we categorize these 

solutions into four distinct paradigms, each 

representing a unique approach to moving 

object detection: Optical Flow Based 

techniques, Background Modelling Based 

techniques, Deep Learning Based techniques 

and Frame Difference Based techniques. Let's 

illustrate these categories with examples: 

Background Modelling Based Techniques: 

Example: The Gaussian Mixture Model 

(GMM) is a classic background modelling 

method. It characterizes the background of a 

video scene as a Gaussian distribution’s 

mixture. Any deviation from this learned 

background model is considered a foreground 



object. GMM has been widely used in early 

moving object detection systems. 

Frame Difference Based Techniques: 

Example: Frame differencing involves 

subtracting consecutive frames in a video 

sequence to highlight areas of change. If the 

difference exceeds a predefined threshold, 

those areas are considered as moving objects. 

Frame differencing is computationally efficient 

and has been used in applications like traffic 

monitoring to detect vehicle movement. 

Optical Flow Based Techniques: 

Example: Optical flow methods estimate the 

motion of objects by analysing pixel-level 

motion patterns between frames. Lucas-

Kanade and Horn-Schunck are two classic 

optical flow algorithms. These techniques are 

used in video tracking systems, where 

understanding object motion is crucial. 

Deep Learning Based Techniques: 

Example: Detection of moving object has 

been revolutionized by Convolution neural 

Networks. Models like Faster R-CNN and 

YOLO (You Only Look Once) use deep 

learning to simultaneously detect and track 

objects with high accuracy. YOLO, for 

instance, can detect objects in real-time and is 

used in applications like object recognition for 

autonomous vehicles. 

The significance of this review lies not only in 

its capacity to provide a comprehensive 

overview of the field's current state, but also in 

its potential to guide researchers, practitioners, 

and enthusiasts. With the ever-expanding 

diversity of moving object detection 

approaches, selecting the most suitable 

algorithm for a specific application can be a 

daunting task. This review aims to provide the 

necessary insights and context to navigate 

through these methodologies effectively, 

fostering a deeper understanding of the 

profound impact of moving object detection on 

the broader landscape of computer vision. 

 

Fig: Object detection 

General methodology 

The object detection (OD) system primarily 

operates in two key phases: the learning phase 

and the testing phase as explained earlier in 

figure 2. The learning phase helps to 

determine objects within the input image by 

the system. This phase is divided into two 

subcategories: part-based or patch-based 

methods, a learning scheme is defined such 

that the system is trained in a process called 

learning through training. Learning through 

validation on the other hand learning through 

validation is a process in which the outcome 

of the learning through training process is 

validated or tested to ensure it can perform the 

intended task. At this stage, an object template 

block employs the obtained data to depict the 

objects by means of histogram or random 

forest data representations. This is done to 

remove the need for training since validation 

has been conducted before in the learning 



through validation phase. In the proposed 

method, once the input image has been pre-

processed, template matching is directly used 

for extracting the features of an object in the 

image The testing phase in its turn is to decide 

whether or not an object exists in the image 

and if it does, which class it belongs to. 

Potential objects in the image are searched 

using a number of search methodologies 

including the sliding window methodology. 

Taking into account what has been discovered 

through the established searching 

mechanisms, a decision is then made on the 

class of the object. 

 

Classification of OD mechanisms  

This section classifies different forms of OD 

mechanisms depending on methods such as 

search techniques, features, classification, and 

features-based template matching mechanisms. 

It is for this reason that we have been able to 

categorise OD types which include: sliding 

window-based, contour-based, graph-based, 

fuzzy-based, context-based and others. In the 

following section, we summarize works done 

by several authors on object detection. 

Sliding Window Object detection has received 

a lot of attention as its pioneered one of the 

simplest and essential approaches for detecting 

objects on images & videos. Starting from the 

window approach, the sliding window 

technique involves moving a window across 

the image or the entire scene in order to find 

the object of interest. However, this approach 

causes several difficulties with accurate 

positioning, especially in real-time 

applications, because of a large amount of 

computational work. It is much more critical in 

cases where object detection is performed, and 

is followed with recognition+. 

Different approaches for realisation of context-

based object detection in paintings were 

investigated by Bergère et al., namely the 

gradient method and the context detection 

method. The gradient method encodes the 

spatial context into a gradient pointing towards 

the object, while the context detection method 

uses a sliding window to select possible 

regions of interest in an image. Although the 

gradient method is derived under some 

assumptions and has the potential to create 

timing issues, particularly regarding the single-

object detection, the sliding window approach 

has its timing issues, owing to its search 

approach. 

This has been a major shortcoming when using 

the sliding window technique since 

localization has been inaccurate. Referring to 

nearby detection responses, Service et al. 

(2011) pointed out that elimination of the 

requirement for spatial grouping of nearby 

responses contributes to enhancing localization 

precision. Their findings highlighted three 

primary objectives in object detection: Such 

metrics as high recall rate, high precision and 

accuracy of localisation. They pointed out that 

pruning false positives on the basis of spatial 

clustering could lead to growth of localization 

variance. 

Generally, the sliding window approach 

implies the identification of the size of the 

aforesaid search window. In order to overcome 

this issue, Comanche et al. (2013) predicted an 

approach to reduce the size of the sliding 



window in terms of its step size in runtime. 

This advancement enhances the technique’s 

suitability for real-time applications. They 

proved that using their approach the Viola-

Jones object detection framework is 

accelerated and the speed is increased by 2.03 

frames per second without losing the accuracy. 

However, questions arose about space, again. 

Divola (2012) identified two factors 

influencing the sliding window technique's 

performance: context and subcategories. 

Contextualization enables the approach to be 

directed to specific areas of an image where 

objects may be located instead of searching the 

entire image. Sub-categories mean cutting the 

much-diversified training data into smaller 

classes which makes the classification easier. 

Nevertheless, while only these factors were 

laid down, there are others like contour 

analysis which can greatly affect performance. 

Shave brought forward a way to reduce the no 

detection misdetections while on the other 

hand increase the amount of space between 

each of the boxes in the sliding window-based 

approach. Their approach entails applying a 

patch to estimate the coordinates of an object 

in the search region’s bounding box. To pile on 

the speed even more, they pre-charged this 

iterator with a decision tree, which has only 

simple binary tests at each node. However, 

while this system is said to work well on other 

image types, issues like occlusion are still 

unaddressed. 

Future Challenging’s:  

The future challenges in object detection 

within computer vision: 

Real-Time Object Detection at Scale: 

Challenge: Detecting objects in real-time, 

particularly in high-resolution videos, requires 

significant computational power. Balancing 

the need for real-time performance with 

maintaining high accuracy is a major 

challenge. 

Solution: To tackle this issue, the development 

of optimized network architectures, leveraging 

hardware accelerators such as GPUs and 

TPUs, and employing model quantization 

techniques offer potential solutions for 

enhancing efficiency and performance. 

Handling Extremely Large Datasets: 

Challenge: The expansion of deep learning 

and the increasing availability of large datasets 

create significant demands on memory, 

storage, and computational resources needed 

to train object detection models. 

Solution: To address these challenges, 

approaches such as distributed training, data 

augmentation, and the selection of 

representative data subsets are essential for 

efficiently scaling object detection systems. 

Robustness to Adverse Conditions: 

Challenge: Real-world objects often face 

challenging environments, including poor 

lighting, harsh weather, occlusions, and 

cluttered backgrounds. Object detection 

systems must be capable of handling these 

conditions effectively. 

Solution: Enhancing robustness can be 

achieved through data augmentation with 

synthetic conditions simulating these 

challenges, utilizing sensor fusion (such as 

combining RGB and infrared data), and 

implementing advanced pre-processing 

methods 



Generalization Across Object Categories: 

Challenge: Object detection models must be 

able to generalize across a broad range of 

object categories, including those that are rare 

or not previously encountered, even when only 

a small amount of labelled data is available. 

Solution: Techniques such as few-shot 

learning, transfer learning, and meta-learning 

can help improve the model’s capacity to adapt 

to new object categories with minimal 

annotated data. 

Reducing Annotation Effort: 

Challenge: Challenge: Annotating objects in 

images manually is both costly and time-

consuming. The challenge is to minimize 

annotation efforts without compromising the 

accuracy of object detection. 

Solution: Approaches like weakly supervised 

learning, active learning, and self-supervised 

learning can help reduce the reliance on 

extensive manual annotation. 

Interpretability and Explainability: 

Challenge: In safety-critical applications, it is 

essential to understand the reasoning behind an 

object detector's decisions. However, black-

box models often lack transparency. 

Solution: Creating models that offer 

interpretable outputs, such as attention 

mechanisms and visual explanations, enables 

users to comprehend the reasoning behind 

model decisions. 

Privacy and Ethical Concerns: 

Challenge: Object detection in public spaces 

brings up ethical issues related to privacy, 

surveillance, and the potential for misuse. 

Solution: It is crucial to find a balance 

between the advantages and ethical concerns 

by implementing appropriate legislation, 

privacy-preserving techniques (such as 

federated learning), and transparent 

deployment practices. 

Handling 3D Objects: 

Challenge: In fields such as robotics and 

augmented reality, detecting and recognizing 

objects in three-dimensional space introduces 

unique challenges. 

Solution: To address these challenges, 

combining 2D and 3D detection techniques, 

utilizing depth information (such as from 

LiDAR or depth cameras), and advancing 3D 

object detection networks are essential. 

Adversarial Attacks: 

Challenge: Adversarial attacks have the 

potential to deceive object detectors into 

producing incorrect predictions. Ensuring 

robustness against these attacks is essential. 

Solution: Approaches such as adversarial 

training, evaluating model robustness, and 

integrating adversarial detection mechanisms 

are key to countering these threats. 

Energy-Efficient Object Detection: 

Challenge: In environments with limited 

resources, energy-efficient object detection is 

crucial. The challenge lies in optimizing 

models to consume less power without 

compromising accuracy. 

Solution: Techniques such as model pruning, 

quantization, and hardware optimizations 

designed for energy-efficient inference are 

essential solutions. 

Cross-Modal Object Detection: 

Challenge: Combining data from various 

sensors (such as cameras and LiDAR) to 

enhance object detection in applications like 



autonomous vehicles demands effective cross-

modal techniques. 

Solution: Strategies for multi-modal fusion, 

sensor calibration, and cross-modal object 

detection models are key to successfully 

integrating sensor data. 

Overcoming these complex challenges 

requires collaboration across multiple 

disciplines, including computer vision, 

hardware engineering, ethics, and policy-

making. Additionally, continuous dialogue on 

the responsible deployment of AI is crucial to 

ensure that object detection technologies align 

with societal values and ethical standards. 

Recommendation:  

To push the boundaries of object detection, a 

comprehensive strategy is essential. Key to 

this is substantial investment in research and 

development, fostering innovation through 

collaboration between academic institutions, 

industry leaders, and government 

organizations. Ensuring open access to a wide 

variety of datasets and standardized evaluation 

metrics is critical for fair comparison and 

benchmarking. Efficiency is a primary 

concern, requiring the design and optimization 

of model architectures capable of real-time 

detection across different hardware platforms, 

along with exploring methods such as 

quantization and neural architecture search to 

reduce computational needs. Additionally, 

improving data efficiency through approaches 

like transfer learning and active learning is 

vital, allowing object detectors to make the 

most of limited annotated data. Research 

should focus on enhancing robustness, 

ensuring that models can handle diverse real-

world conditions and defend against 

adversarial attacks. The development of 

interpretable models and ethical frameworks is 

crucial to ensure transparency and responsible 

AI practices. In contexts like surveillance and 

data-sharing, privacy-preserving methods such 

as federated learning should be prioritized. 

Cross-disciplinary collaboration between 

computer vision and sensor technology experts 

is key for applications in autonomous vehicles. 

Energy efficiency must also be addressed, with 

hardware optimizations and public awareness 

initiatives playing crucial roles. Establishing 

regulations, standards, and continuous 

evaluation platforms is necessary to monitor 

progress and promote responsible deployment. 

Ultimately, encouraging diversity and fostering 

global cooperation will lead to more inclusive 

and beneficial object detection solutions 

worldwide. 

Below are several recommendations and 

strategies aimed at overcoming the challenges 

in object detection and driving progress in the 

field: 

Research and Development: 

• Dedicate resources to continuous 

research efforts to drive innovation in 

object detection methods. 

• Foster collaboration among academic 

institutions, industry leaders, and 

government bodies to enhance 

research initiatives. 

Open Access to Datasets and Benchmarks: 

• Support the creation and sharing of 

diverse, comprehensive datasets for 

evaluating and benchmarking object 

detection algorithms. 



• Advocate for the development of 

standardized evaluation metrics to 

ensure fair comparisons across 

different approaches. 

Efficient Model Architectures: 

• Focus on the design and optimization 

of model architectures that can achieve 

real-time object detection across a 

range of hardware platforms. 

• Investigate model quantization and 

neural architecture search methods to 

minimize computational demands. 

Data Efficiency and Transfer Learning: 

• Create techniques that allow object 

detectors to learn effectively from a 

limited amount of annotated data 

using transfer learning, few-shot 

learning, and semi-supervised learning 

approaches. 

• Emphasize active learning strategies to 

selectively choose the most 

informative samples for annotation. 

Robustness and Adversarial Défense: 

• Focus on advancing research into 

defence mechanisms that enhance the 

resilience of object detection systems 

against adversarial attacks. 

• Regularly assess models in diverse 

and challenging real-world scenarios 

to ensure their reliability. 

Interpretable Models: 

• Encourage research into interpretable 

deep learning models that offer 

transparency and insights into how 

decisions are made. 

• Develop visualization tools and 

methods to help users better 

understand and interpret model 

outputs. 

Ethical Considerations: 

• Develop ethical guidelines and codes 

of conduct for the creation and 

deployment of object detection 

systems. 

• Promote responsible AI practices and 

take into account the broader societal 

effects of these technologies. 

Privacy-Preserving Techniques: 

• Investigate privacy-preserving 

strategies, such as federated learning 

and secure multi-party computation, to 

safeguard individual privacy in 

surveillance and data-sharing contexts. 

Cross-Modal Integration: 

• Encourage collaboration between 

computer vision experts and sensor 

technology specialists to enhance 

cross-modal object detection, 

especially for applications like 

autonomous vehicles. 

Energy Efficiency: 

• Explore hardware-specific 

optimizations and model compression 

techniques to enable energy-efficient 

object detection on edge devices and 

mobile platforms. 

Public Awareness and Education: 

• Raise public awareness about the 

capabilities, limitations, and ethical 

concerns associated with object 

detection technologies. 

• Promote public engagement and 

involve relevant stakeholders in 

shaping regulations and policies. 



Regulations and Standards: 

• Advocate for the establishment of 

regulations and standards governing 

the application of object detection in 

sensitive areas, ensuring ethical and 

responsible usage. 

Continuous Evaluation and Benchmarking: 

• Develop platforms for ongoing 

assessment and comparison of object 

detection models to monitor progress 

and pinpoint areas for improvement. 

Diverse Representation: 

• Foster diversity and inclusivity in 

object detection research to ensure that 

systems are effective across all 

demographic groups. 

International Collaboration: 

• Promote global collaboration and 

knowledge exchange among 

researchers, organizations, and 

governments to tackle shared 

challenges and advance responsible 

AI. 

By implementing these strategies, object 

detection can evolve, providing more accurate, 

efficient, and ethical solutions that address 

societal needs and improve a variety of 

applications. 

Conclusion   

In conclusion, object detection remains a 

rapidly evolving and crucial area within 

computer vision, offering a variety of 

applications that influence everyday life. As 

we explore the complexities of real-world 

environments, it becomes clear that both 

challenges and opportunities exist in 

abundance. This review has highlighted the 

wide spectrum of techniques in moving object 

detection, ranging from background modelling 

and frame differencing to optical flow analysis 

and deep learning methods. It has emphasized 

the significance of these approaches in fields 

such as surveillance, robotics, autonomous 

driving, and augmented reality. 

Looking ahead, continued investment in 

research and development is critical to driving 

innovation and collaboration among academia, 

industry, and policymakers. The availability of 

open datasets and the adoption of standardized 

evaluation metrics will facilitate fair 

comparisons of detection algorithms. It is also 

vital that we prioritize efficiency and data 

effectiveness, focusing on optimizing model 

architectures, as well as exploring transfer 

learning and active learning techniques. 

Additionally, addressing the robustness of 

models against adversarial attacks and 

enhancing their interpretability to build user 

trust will be crucial. Ethical considerations 

should not be overlooked, and efforts must be 

made to ensure responsible AI development 

and the implementation of privacy-protecting 

technologies. 

The future of object detection will also benefit 

from advancements in cross-modal integration, 

energy efficiency, public engagement, and 

international cooperation. The establishment of 

regulations and standards to govern sensitive 

use cases, along with ongoing evaluation 

platforms, is essential for ensuring responsible 

application and deployment. 

Ultimately, the future of object detection offers 

immense potential for technological 

innovation and societal impact. By addressing 



current challenges and capitalizing on 

emerging opportunities, we can continue 

advancing this field and creating more 

accurate, efficient, and ethically responsible 

solutions that contribute to the betterment of 

society. 
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