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The Artificial Intelligence (AI) area has been undergoing an explosive growth in the past years and computer 

vision and image processing seem to be the most promising technologies to enable such a process. This paper 

will give an overview of the newest trends that fuse these technologies along with the deep learning to enable 

intelligent, adaptive and autonomous systems in industries, healthcare, agriculture and urban applications. 

The review is a systematic literature search of peer-reviewed articles from the year 2013 to 2025 and it is 

available from IEEE Xplore, ScienceDirect, SpringerLink and MDPI databases. The findings also demonstrate 

that deep learning systems, particularly Convolutional Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Generative Adversarial Networks (GANs) have revolutionized visual perception, improved object 

recognition tasks, predictive control, and even decision making in real time in the field of automation. Quality 

inspection in industry, robotic manipulation, digital twin, and safety monitoring at the workplace are the 

examples of the applications reviewed. Even with the incredible advancement, there are still issues with data 

availability, model generalization, interpretability and energy efficiency. The paper finds explicable AI, edge 

deployment, ethical automation, and sustainable model design are the key areas of open research. In a nutshell, 

this review calls attention to the visionary aspect of computer vision and image processing for enhancement of 

smart automation and directions for future innovations to move towards fully autonomous and intelligent 

systems. 
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1. Introduction 
The blistering development of Industry 4.0, artificial intelligence, and the Internet of Things (IoT) has changed 

the appearance of automation, making it smarter, adaptive, and efficient (Nwakeze and Mohammed, 2025). They are 

inflexible, based on a set of rules and pre-programmed for a static environment, and cannot handle dynamic 

environments with complex rules and a need for intelligent decision making. Smart algorithms can be trained with 

data, take in the surrounding environment and act accordingly, overcoming these limitations, intelligent automation 

exists. It is in this context that computer vision and image processing have become the core technologies, which allow 

machines to look, learn and react to a situation in the real world with human type perception. 

The visual data capture and visual data processing in the automation system is based on image processing and 

computer vision. Image processing (filtering, segmentation, feature extraction) enhances the quality of the input data 

and computer vision takes us to the higher level of understanding (object detection, object recognition and tracking). 

The capabilities are required in different areas including industry inspections, health inspections, precision farming, 

and intelligent city construction. However, traditional vision-based systems are less scalable, adaptable and real-time 
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in the challenging environments. The consequence of this has been the growing use of deep learning that has been 

very useful in supplying strong features and enhancing automation accuracy in a great variety of tasks. 

The potential of smart automation has been reconfigured with deep learning models, especially convolutional 

neural networks (CNNs) and hybrid architectures, which have allowed learning end-to-end and making real-time 

decisions. Compared with other feature-based methods that are handmade, deep learning can be automatic in 

learning the representation, which leads to higher robustness and flexibility. Intelligent automation systems have the 

potential to reach new heights of precision, efficiency, and intelligence with the assistance of computer vision, image 

processing, and deep learning. The paper reviews the use of deep learning application of computer vision and image 

processing in intelligent automation with emphasis on the advantages, limitations and future possibilities of its use 

in industrial, healthcare, agriculture and urban applications. 

2. Literature Review 
Computer vision and image processing have also enabled smart automation systems to improve their 

functionality by allowing machines to perceive, analyse and respond in a precise manner to visual data. Cheng et al. 

(2019) studied computer vision technology in Graphical User Interfaces (GUIs) automation for fulfilling the growing 

need to automate the tedious industrial tasks. Their tool, Korat, was as cross-platform as possible, using computer 

vision as the cross-platform approach instead of platform-specific APIs, to overcome shortcomings of traditional GUI 

automation systems. With the use of an open-source OCR (Tesseract), the researchers were able to use a more 

sophisticated text binarization (FBCITextBin) for the reliable automation of tests and device verification across a wide 

variety of platforms as well as on colour screenshots. In the same manner, Cedergren and Berglund (2021) examined 

real-time computer vision in industrial automation with the development of a pick-and-place prototype that had 

similar performance to traditional approaches and provided more flexibility, adaptability, and scalability. Jain and 

Meenu (2013) also highlighted the image processing, geometric modelling, and cognitive processing as the backbone 

of facilitating machine vision applications like Automated Visual Inspection (AVI), process control and robot 

guidance, which are major pillars of industrial automation in modern industry. 

The new investigations expanded the area of the computer vision application to smart industrial systems. More 

and More (2024) suggested a smart conveyor belt sorting system, which was a combination of computer vision and 

IoT based on colour-based object sorting. The HSV colour space filtering system, which operated on a NVIDIA Jetson 

Nano with a Logitech C270 webcam, was able to accurately sort the products in real time with little to no human 

intervention to meet the industry 4.0 vision. Rahman et al. (2025) reported a comprehensive survey of the use of 

machine learning in industry automation, highlighting the role of deep learning in predictive maintenance and quality 

control and optimizing processes. They have set the synergy of Digital Twin and Edge AI for real-time fault prediction 

and flexibility of processes. Likewise, Yousif et al. (2024) developed a digital twin, which is based on computer vision 

and autonomous quality control of the manufacturing process. Their system also allowed real-time classification and 

segmentation of errors during the assembly lines, which allowed robot corrections without human supervision- and 

that proves the power of applying the open-source vision tools to the existing manufacturing process. 

The intersection of deep learning, robotics and computer vision has been changing the paradigm of industrial 

automation. The concept of this intersection was examined by Addula and Tyagi (2024) in the framework of smart 

manufacturing, where AI-based vision systems can be used to increase the recognition of objects, adaptive control, 

and safety in collaboration with collaborative robots (cobots). Bhana et al. (2024) generalized this to safety at the 

workplace and suggested a system with vision usage, which requires YOLOv8 and Faster R-CNN to detect Personal 

Protective Equipment (PPE) and forklift interactions. They got a precision score of more than 80 percent in their system 

and established that vision-based monitoring would be a viable option for real-time risk mitigation. Cheng (2021) also 

implemented vision-based automation with sparse representation algorithms, as well as 3D point cloud 

reconstruction of precise workpiece classification with a 100 % detection accuracy. Zhou et al. (2025) have conducted 

a systematic review of generative artificial intelligence (GenAI) for industrial machine vision, calling for the new 

subcategory of GANs and VAEs, such as data augmentation, anomaly detection, and resolution enhancement: as more 

adaptive and creative models of automation emerge. The same type of integration has been examined by other 

researchers, but with a wider scope of application than manufacturing. Che et al. (2024) showed computer vision is a 

capability that enables intelligent robotic systems to implement garbage sorting and environment monitoring 
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applications. This combination of RetinaGAN and reinforcement learning resulted in an 84% classification accuracy, 

highlighting the potential of computer vision in sustainability-related automation. Likewise, Cui and Li (2021) studied 

the applications of visual recognition systems to improve the automation of assembly lines through object detection, 

motion judgment, and orientation analysis through deep learning architectures such as YOLO, ResNet, and GANs. 

They found that the use of computer vision, in conjunction with programmable controllers and industrial computers, 

can greatly improve system response and efficiency. All of these studies corroborate that the marriage of computer 

vision, image processing and deep learning is propelling the intelligent, adaptive and high-performing automation 

systems in industrial, environmental and social applications. 

3. Research Methodology 
This paper has adopted the Systematic Review Methodology (SLR) to review the existing literature on the topic 

of computer vision integration and image processing along with deep learning to achieve smart automation. The 

academic scholarly articles were located by searching the search words – computer vision, image processing, deep 

learning and smart automation – on the reputable academic scholarly databases, namely IEEE Xplore, Science Direct, 

SpringerLink, Taylor and Francis, MDPI and Google Scholar. The articles published within the last two years (2013 

and 2025) only were searched, and priority was given to articles that give practical implementations of the smart cities 

in industrial, smart cities, healthcare, and agricultural fields. The articles were limited to those that employed deep 

learning algorithms such as CNNs, RNNs and GANs in the context of automation systems and articles that were not 

peer reviewed articles or theoretical articles were not included. The publications identified were filtered, classified 

and analysed in themes to identify their performance outcomes, performance methods and innovation. To ensure the 

reliability and rigor of the research, qualitative content analysis was used, guided by the PRISMA guidelines. 

Synthesizing the results provided technological trends, critical problems and research gaps which will inform future 

directions of smart automation using computer vision and image processing. 

4. Computer Vision, Image Processing and Applications  
Computer Vision (CV) and Image Processing (IP) are two adjacent fields of AI that enable computers to process 

and interpret visual information from their environment and take action based on that information. Image processing 

is mainly concerned with manipulation and enhancement of digital images to make them look better or extract 

valuable information, whereas computer vision takes it a step further and tries to understand and analyze visual data 

in a manner that would resemble human perception (Szeliski, 2022; Zhang et al., 2023). These technologies are the 

fundamentals of smart systems that can recognize objects, recognize patterns, detect abnormalities, and make 

decisions based on data from what they see (Khan et al., 2022). 

Image processing includes processing of image that makes it suitable for a more advanced examination, such as 

reducing the noise and contrast and segmenting, filtering and considering of features. The processes enhance the 

quality of images and highlight important information of downstream activities. The valuable visual details can be 

extracted from the raw data using various methods such as edge detection, morphological operations, and histogram 

equalization (Rani et al., 2023; Singh and Verma, 2022). The second one is that image processing is followed by the 

later steps of machine perception where computer vision takes the place of image processing in images to be 

represented in a structured manner. 

Computer vision, however, is the business of providing computers with semantic meaning out of the processed 

videos or pictures. It deals with more complicated tasks like object recognition, motion recognition, facial recognition, 

gesture recognition, and understanding scenes (Liu et al., 2023; Wang et al., 2022). Most new developments in deep 

learning, such as CNNs and RNNs, have completely transformed computer vision by making feature extractions with 

them automatic and raising the accuracy to unprecedented levels (He et al., 2022; Zhao et al., 2023). These models 

have the ability to distinguish complex patterns and geometrical strata in extensive data sets and so machines can 

handle and perceive visual scenes with incredible accuracy. 

Computer vision and image processing are the basis of most of the applications in smart automation today, 

whereby the systems are autonomous as they receive visual feedback. These are the ones that can be found in the 

manufacturing industry, such as robotic inspection, in diagnostics medical imaging, in intelligent traffic surveillance, 

and in agriculture, crop evaluation (Gupta et al., 2023; Zhang and Li, 2022). As the further development of deep 
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learning, edge computing, and the Internet of Things (IoT) technologies occurs, computer vision systems can be larger, 

real-time, and adaptive (Chen et al., 2023; Ahmed et al., 2022). 

Lastly, synergy between computer vision and image processing represents one of the key steps for intelligent, 

context-aware, humanoid perception in machines to become the technology backbone of the next generation of 

intelligent automation systems. Smart automation has been greatly diversified by the combination of computer vision, 

image processing and deep learning, which have allowed machines to achieve human-like accuracy and flexibility at 

their workplaces on perception-based tasks. They are successfully applied in various areas like industrial machines, 

health, agriculture, environmental control, and intelligent city and safety system (Singh et al., 2023; Kumar et al., 

2022). 

A. Industrial Automation 

The computer vision and processing of images have taken relevance in industrial applications like in Figure 1 

to increase productivity, quality control and efficiency of the operations. Deep learning can be used for visual 

inspection (defect detection, misalignment and surface defect detection) without human interaction and in real time, 

as demonstrated by YOLO, faster R-CNN, and ResNet (Zhao et al., 2023; Li et al., 2022). The assembly, sorting and 

packing of products are done by robot arms controlled by the vision, without involving humans (Ahmed et al., 2022). 

The examples of vision-based automation, such as the system introduced by Cheng et al. (2019) and Cedergren and 

Berglund (2021) demonstrate that vision-based automation not only enhances productivity of the production 

processes but also makes dynamic manufacturing systems more flexible (Wang et al., 2023). Moreover, systems of 

vision with digital twins make it possible to monitor the process predictively and optimize it, which saves much time 

and enhances the quality of control (Kumar et al., 2023). 

 
Fig-1: Robotic Arm for Industrial Automation 

(Source: https://ibtinc.com/industrial-automation-future-trends/) 

B. Healthcare Automation 

In healthcare, computer vision and deep learning are important in enhancing diagnostic performance, patient 

monitoring and surgical accuracy as illustrated in Figure 2. Medical images, like X-rays, CT scans, MRIs etc., can be 

processed using image processing technologies to detect diseases including cancer, pneumonia, brain disorder and 

so on, with the help of deep learning models like CNNs and U-Nets which deliver an astounding accuracy of up to 

99% (Rajpurkar et al., 2022; Chen et al., 2023). Furthermore, real-time patient monitoring systems (Zhou et al., 2022) 

ensure patient safety in intensive care units, detect falls, monitor vital signs, and so on. These technologies also enable 

precise and less-complication vision-guided systems in robot-assisted surgeries. These technologies also help to create 

https://ibtinc.com/industrial-automation-future-trends/
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precise and less-complication vision-guided systems in robot-assisted surgeries (Singh & Sharma, 2023). Overall, 

vision-driven healthcare automation can help enhance clinical efficiency, facilitate early diagnosis, and improve 

patient outcomes (Zhang et al., 2023). 

 
Fig-2: Medical Automation using Surgical Robot 

(Source: https://www.latimes.com/doctors-scientists/innovations/technology/story/robotics-minimally-invasive-surgery-

advancements-benefits ) 

C. Agriculture and Environmental Automation 

This breakthrough of computer and deep learning has revolutionized the precision agriculture, making the 

automated crop and livestock monitoring realized, as depicted in Figure 3. High resolution images of agricultural 

fields are acquired using sensors and drones and the images are detected and analysed for identifying weeds, pests, 

and the health of the crops (Gao et al., 2023). They are then fed with deep learning algorithms to fine-tune the 

irrigation, fertilization and harvesting schedules (Patel et al., 2022). The vision-based systems used in livestock 

farming, which are based on CNN-LSTM, identify abnormal behaviour, including illness, aggression, or distress, and 

provide a way to intervene at the appropriate time and improve animal welfare (Liu et al., 2023). In the field of 

environmental work, intelligent robots with computer vision are used, with the aim of achieving a sustainable and 

efficient situation in the smart ecosystems, by sorting wastes, detecting pollution and managing resources (Fernández-

Carames & Fraga-Lamas, 2022). 

D. Smart Cities and Safety Systems 

Computer vision and image processing are the basis of intelligent traffic management, public surveillance, and 

automation of safety in the development of smart cities. The live camera images are also fed into deep learning systems 

to track traffic, detect violations and optimize the timing of traffic signals to mitigate congestion and enhance mobility 

in urban areas as demonstrated in Figure 4 (Bai et al., 2023). Vision-based systems like those suggested by Bhana et 

al. (2024) are used in the context of public safety and industry to track high-risk behaviours like forklift work with the 

help of YOLOv8 and Faster R-CNN algorithms to recognize Personal Protective Equipment (PPE) (Hossain et al., 

2023). These systems automatically send alerts during the unsafe situations and reduce accidents and adherence to 

safety rules (Tan et al., 2022). Smart cities, as a result, have vision-based automation and thus have become safer, 

efficient, and sustainable cities (Nguyen et al., 2023). 

 

https://www.latimes.com/doctors-scientists/innovations/technology/story/robotics-minimally-invasive-surgery-advancements-benefits
https://www.latimes.com/doctors-scientists/innovations/technology/story/robotics-minimally-invasive-surgery-advancements-benefits
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Fig-3: Agricultural Automation Robot 

 (Source: https://re-nuble.com/blogs/re-nuble/farm-robotic-automation-controlled-environment-agriculture-revolutionizing-

modern-farming) 

 
Fig-4: Illustration of Smart City Automation 

(Source: https://iotsecurityfoundation.org/smart_cities_the_emergence_of_the_cyber_safe_building/ ) 

https://re-nuble.com/blogs/re-nuble/farm-robotic-automation-controlled-environment-agriculture-revolutionizing-modern-farming
https://re-nuble.com/blogs/re-nuble/farm-robotic-automation-controlled-environment-agriculture-revolutionizing-modern-farming
https://iotsecurityfoundation.org/smart_cities_the_emergence_of_the_cyber_safe_building/
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All the studies indicate that computer vision, image processing and deep learning is the basis of current 

intelligent automation systems. In various industries, healthcare, agriculture, and smart cities, the technologies have 

promoted real-time decision making, accuracy and flexibility. The next steps they move into will only further drive 

the transition to smart, self-aware, connected systems that will transform the relationship between people and 

machines, people and the environment. 

5. Open Research Directions 
Although the many studies done recently have improved the application of computer vision, image processing, 

and deep learning in smart automation, it is still a matter of open research lines. Based on the literature review, both 

the automation of industry and robotics and the digitalization of safety monitoring are well developed, with several 

aspects of the field yet to be solved, which hinders scalability, generalizability, and real-time implementation. Major 

areas for future research that would be beneficial in making any meaningful improvements are defined in the 

subsections below. 

A. Generalization and Model Adaptability 

Most of the reviewed papers (Cheng et al., 2019; Cui and Li, 2021) demonstrated the ability of computer vision 

models to perform successfully in a controlled environment or in a specific industrial context. However, these models 

have a problem making accurate predictions for other light conditions, camera angles and object types. The 

requirement of more adaptive algorithms that are capable of transferring domains and incremental learning is still a 

dire issue. Future studies would need to consider domain adaptation, meta-learning and self-supervised to allow 

computer vision systems to learn on-the-fly on dynamic and unstructured scenes, particularly in heterogeneous 

industrial and agricultural contexts. 

B. Real-Time Efficiency and Edge-Level Deployment 

Effective real-time systems were demonstrated in several works (e.g., Cedergren & Berglund, 2021; More and 

More, 2024; Bhana et al., 2024) but most of them were based on a high-performance computing platform like NVIDIA 

Jetson or a high-performance GPU. This dependence makes the issue of energy efficiency, scaling, and accessibility to 

small and medium enterprises (SMEs) problematic. The proposed research needs to create light neural network 

architectures, edge computing integration, and energy-efficient AI accelerators capable of real-time processing of 

visual data without affecting accuracy. Having enablement to almost instantly infer embedded devices would bring 

the scope of smart automation to cost-sensitive industries and remote uses. 

C.  Dataset Availability and Annotation Limitations 

The approach in studies such as Bhana et al. (2024) and Rahman et al. (2025) to train and evaluate model based 

on manually annotated dataset is labour intensive, as well as domain specific. Open, standardized and diverse 

datasets are few, and this has been a hindrance to advancement in vision-based automation. Future studies need to 

focus on synthetic data generation based on Generative AI (e.g., GANs or diffusion models), semi-supervised 

learning, and federated dataset creation to minimise the use of manual labelling. This would further usher in the 

cross-domain validation especially in safety-critical automation in manufacturing and healthcare. 

D. Robustness and Security in Automation Systems 

The concept of robustness in intelligent manufacturing systems as emphasized by Cheng (2021), Rahman et al. 

(2025), and others is still applied in most models but can be easily affected by sensor noises, occlusions, and adversarial 

perturbations. Since automated vision systems continue to be more frequently used in quality control and safety 

monitoring, there is a need to study adversarial defence mechanisms, uncertainty-aware models and redundant 

sensing strategies. Building the secure and fault-tolerant models which can self-correct in case of environmental or 

cyber failures would increase reliability in the field in real-life automation. 

E. Integration of Generative and Hybrid AI Models 

Zhou et al. (2025) pointed out that the impact of GenAI on industrial vision tasks, such as anomaly detection 

and data augmentation, is growing steadily. The majority of implementations however are still experimental. 

Research can be done on the synthesis of hybrid frameworks of the discriminative and generative learning to better 

understand scenes, defect formation and predictive modelling. This kind of integration may go a long way to enhance 
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interpretability of models, curb any form of data bias and allow the automation systems to run efficiently without 

much human supervision. 

F. Human–Robot Collaboration and Ethical Considerations 

To emphasize the importance of computer vision and industrial robotics, the works by Addula and Tyagi (2024) 

and Yousif et al. (2024) also emphasized collaborative/human-centred automation. Regardless of such developments, 

there are still issues of safe human-robot interaction, ethical use of AI, and integration of the workforce. In the future, 

the research should focus on computer vision-based behaviour modelling, trust calibration and ethical governance 

systems to ensure the fairness, safety and transparency of the human-intelligent machine system. This is especially 

important in some of the most critical industries such as healthcare and infrastructure and services to the population 

as automation takes over. 

G. Digital Twin Integration and Cyber-Physical Synchronization 

The promises of using digital twins to oversee autonomous quality control were proven in work by Yousif et al. 

(2024), but the complete integration between the physical and virtual layers is not developed yet. Further studies are 

required on real-time alignment of computer vision systems and digital twin models and the possibility to predict 

and take decisions, as well as control. Reinforcement learning, visual feedback loops, and sensing through IoT may 

also be integrated together to further improve the cyber-physical awareness and effectiveness in the next-generation 

smart factories. 

 

H. Sustainable and Scalable Automation Systems 

Finally, deep learning has been observed in several studies, Rahman et al. (2025); Cheng et al. (2019), to be 

unsustainable due to the increasing computational demands. In the future, more studies should pursue the path of 

green AI, including reducing the energy consumption of model architecture, optimization for distributed training, 

and energy-efficient inference. The implementation of the computer vision systems on various industrial 

infrastructures will also be based on the development of cost-effective architectures, which do not affect performance 

but are environmentally sustainable. 

The literature review shows that the research in the field of computer vision and image processing is dynamic 

and scattered, as the technology has undergone a change in automation, and still has certain weaknesses that need to 

be addressed when incorporating the technology, such as adaptability, effectiveness, robustness, and ethics. Future 

efforts should be directed towards cross domain generalization, explainability, deployment of edges, secure design of 

models and sustainable AI development. The aforementioned open research directions will be addressed to increase 

the reliability of smart automation systems, but also to promote responsible and scalable development of smart 

automation systems for industries, agriculture and healthcare and smart city infrastructures. 

6. Conclusion 
In this paper, we have provided a detailed description of computer vision and image processing technologies 

and how they can be applied to achieve smart automation, particularly the use of deep learning algorithms. The 

literature review examined literature of importance in the 2013-2025 period and how modern computational 

intelligence has transformed the way industries work, how robotics works, how safety systems work and how process 

control works. The paper has indicated the move towards the traditional rule-based automation systems to intelligent 

and perception-based systems that are able to perceive and react to complex visual data in real-time. This has made 

automation systems more adaptive, efficient, and human-aware, and is the foundation of the current fourth industrial 

revolution (Industry 4.0). 

From the literature, it is seen that computer vision and image processing architectures (object detection, feature 

extraction and pattern recognition) are advancing with the introduction of deep learning architectures like CNNs, 

RNNs and GANs. With these technologies, real-time decision-making and performance has been improved in 

initiatives like quality inspection, robotic manipulator, predictive maintenance and safety monitoring in the industry. 

All these technologies were shown to be effective by Cheng et al. (2019), Cedergren and Berglund (2021), Bhana et al. 

(2024), and Rahman et al. (2025) and highlighted the role of these technologies in facilitating operation and minimizing 

human error, and enhancing productivity. The review also indicated that new areas are developing like digital twins, 
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edge computing, and IoT-integrated automation are pushing the boundaries of computer vision systems to a higher 

degree of independence and reliability. 

Nevertheless, the review has also revealed a number of challenges and research gaps that should be addressed 

by conducting further research. The problems are related to data availability, data generalization of the model, real-

time performance, stability to environmental variations, and ethical aspect. There are some limitations with the 

systems reviewed when applied to the real world as many of these systems are only acceptable in controlled 

environments. Moreover, deep learning models have a high computational cost, which limits their use in resource-

constrained environments, whereas issues of data privacy, bias, and explainability still limit large-scale adoption. 

These gaps will be solved with the development of lightweight model design, explainable AI, adversarial robustness, 

and energy-efficient computing. 

Finally, the combination of computer vision, image processing, and deep learning is an embryonic paradigm of 

intelligent automation which needs to be further examined. All the studies reviewed confirm that intelligent visual 

systems are enhancing the efficiency of automation, but also new opportunities of autonomous decision-making, 

predictive control and human-machine cooperation are made possible. As future research continues to address the 

identified challenges, including: Multimodal learning, Sustainable AI and Ethical Innovation, the potential for smart 

automation extends beyond the manufacturing industry and into other areas, including healthcare, agriculture and 

smart cities. Lastly, this partnership between visual intelligence and automation will make a significant contribution 

to the fully autonomous, adaptive and intelligent industrial ecosystems. 
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