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Abstract  

Image analysis has become a fundamental component of modern mechatronic 

systems. It enables intelligent perception, decision-making, and autonomous 

operation across a wide range of industrial applications. However, existing literature 

remains largely fragmented, with most reviews concentrating on specific application 

domains or individual algorithmic developments, thereby limiting a comprehensive 

understanding of how machine learning-based image analysis is advancing across 

the broader mechatronics landscape. This review provides a cross-domain synthesis 

of machine learning techniques employed in image analysis for mechatronic 

systems. A comparative assessment is presented covering conventional machine 

learning approaches and deep learning methods. The study highlights the strengths, 

limitations, data requirements, and computational characteristics of these techniques. 

Major challenges affecting practical deployment are examined. Emerging research 

directions are also discussed, with particular emphasis on synthetic data generation, 

foundation models, self-supervised learning, multimodal intelligence, edge artificial 

intelligence, digital twin technologies, and trustworthy artificial intelligence 

frameworks. By consolidating current developments and identifying future research 

priorities, this review provides a structured reference for researchers and 

practitioners seeking to advance the development of intelligent, adaptive, and 

reliable mechatronic systems. 
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1. INTRODUCTION 

Mechatronics engineering integrates mechanical, electrical, computer science, and control engineering 

disciplines. Sensors, actuators, and control units are frequently integrated by mechatronics systems to 

accomplish complex tasks in industries [1]. In modern mechatronics systems, image analysis is essential 

because it allows machines to recognize and interpret visual information from their surroundings [2]. 

Mechatronic systems can perform a variety of functions using image analysis [3]. The ability of traditional 

image processing techniques to handle complex and variable visual data may be limited because they 

frequently rely on manually created features and pre-established criteria [4].  Machine learning techniques, 

on the other hand, are more reliable and adaptable for image analysis tasks because they can automatically 

learn features [5].  

Figure 1 presents a workflow of machine learning-based image analysis. The stages involve transforming raw 

image data into real-world intelligent applications. Images are acquired from multiple sources such as 

cameras, industrial vision systems, medical imaging devices, UAV platforms, and sensor-based imaging 

systems. Acquired images undergo preprocessing operations to improve data quality and consistency. 

Following preprocessing, image segmentation and region of interest (ROI) extraction are performed to isolate 

relevant objects and structures within the images. At the preprocessing stage, both traditional handcrafted 

features and deep learned representations are generated. Images are classified based on the features by 

machine learning models. 
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Figure 1: General Workflow of Machine Learning-Based Image Analysis 

Advanced machine learning and deep learning algorithms play a major role in integrating image analysis into 

mechatronics by enabling systems to process and interpret images with better accuracy and efficiency. 

Mechatronics systems benefit greatly from the integration of machine learning and image analysis since they 

can improve the systems' perception, processing, and response capability [6]. Mechatronics systems are now 

able to obtain useful information from images and make deft decisions by using machine learning algorithms, 

especially deep learning models [7]. Mechatronics systems can become more accurate and efficient at 

identifying patterns, objects, and characteristics in images by utilizing machine learning approaches. 

Moreover, mechatronics systems can gradually enhance and optimize their performance through machine 

learning [7]. These systems can learn from their experiences and improve their algorithms to better handle 

novel and difficult scenarios by utilizing machine learning techniques [8]. This flexibility is especially 

important in dynamic settings like robots and autonomous systems, where situations might change suddenly. 

These systems achieve better levels of performance, adaptability, and intelligence by integrating the power of 

machine learning algorithms with the rich information offered by visual data [9]. This combination will spur 

innovation and breakthroughs across a wide range of industries. 

Despite the progress achieved in machine learning-based image analysis, many literatures remain fragmented 

in both scope and depth. Most surveys focus on a single application domain, such as industrial defect 

inspection, robotic vision, autonomous driving, or medical image analysis [10][11]. While these studies 

provide valuable domain-specific insights, they often fail to establish connections between developments 

occurring across different mechatronic fields. Therefore, there is limited understanding of how machine 

learning techniques perform under diverse operational conditions and application requirements. As intelligent 

systems converge across different fields, a broader cross-domain assessment is necessary. 

Another limitation of the most literature is the disproportionate emphasis placed on deep learning techniques 

while traditional machine learning methods receive comparatively less attention. Although deep learning has 

demonstrated remarkable success in many images analysis tasks, conventional machine learning approaches 

continue to offer practical advantages in scenarios characterized by limited data availability, constrained 

computational resources, and requirements for model interpretability. Existing reviews rarely provide a 

systematic comparison of these approaches [12][13]. Furthermore, recent developments involving Vision 

Transformers, hybrid CNN–Transformer architectures, foundation models, multimodal learning frameworks, 

edge intelligence, and explainable artificial intelligence have introduced new opportunities and challenges. 

There is a need for a more holistic and forward-looking assessment that not only examines established 

methodologies but also evaluates emerging technologies that are expected to shape the future of intelligent 

mechatronic systems. 

Motivated by these observations, the review presents: a Cross-Domain Applications of Machine Learning-

Based Image Analysis in Mechatronics, Comparative Analysis of Machine Learning Techniques for Image 

Analysis in Mechatronics, and future research roadmap encompassing large-scale datasets, synthetic data 

generation. 

2. METHOD  

2.1.  Fundamentals Of Mechatronics And Machine Learning 
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Mechatronics systems are designed to combine many different fields of engineering to accomplish particular 

goals, such as improving robotics capabilities, streamlining manufacturing procedures, and developing 

sophisticated driver-assistance systems. Mechatronics systems primarily include sensors, actuators, 

controllers, and communication interfaces. Sensors collect and translate electrical signals from environmental 

data, such as pressure, temperature, and visual input [1]. Actuators are devices, such as motors or hydraulic 

systems, that move physically in response to commands from the controller to ensure that the system runs 

smoothly and effectively, controllers process sensor data and use it to generate control signals for the 

actuators. Communication interfaces provide smooth integration and interoperability by facilitating data 

transmission between components and external systems [14]. 

Machine learning is a subdivision of artificial intelligence (AI) that involves the development of models and 

techniques that allow computers to learn from data and enhance their functionality without the need for 

explicit programming. This technology is crucial to modern applications including robotics, image 

processing, and mechatronics because it enables systems to recognize patterns and make data-driven 

decisions. The key concepts in machine learning are labels, features, and data. Training models are built 

using data, which can be either unstructured (text or images) or structured (tabular data). Features are the 

qualities or traits of the data that the model makes use of to classify or forecast [5]. Labels serve as a 

representation of the desired results or classifications for training models in supervised learning [14]. 

Machine learning involves various methods such as supervised learning, unsupervised learning, and 

reinforcement learning. Supervised learning employs neural networks and linear regression among other 

algorithms, and trains models on labeled data [15]. Unsupervised learning techniques, like clustering, use 

unlabeled data to identify trends or groupings. In reinforcement learning, an agent can learn through 

interaction with its surroundings and the imposition of rewards for its actions [7]. Deep learning is a subset of 

machine learning that is commonly used in image and video analysis. It models relationships within data by 

using neural networks with multiple layers [16]. 

2.2 Machine Learning Techniques For Image Analysis In Mechatronics 

Supervised learning methods are essential in image analysis as they provide reliable strategies for tasks like 

object recognition, categorization, and detection. A widely used approach in supervised learning is the 

Convolutional Neural Network (CNN), which has shown exceptional performance in many image-processing 

tasks [17]. CNNs are highly effective in analyzing visual data because they possess the capability to 

autonomously acquire hierarchical features from images. This allows them to accurately recognize intricate 

patterns and structures [17]. CNNs are frequently used in mechatronics applications, particularly in activities 

such as defect identification in manufacturing [18]. They are capable of reliably identifying and categorizing 

defects in products by utilizing labeled training data [19]. Table 1 reveals a progression from conventional 

machine learning techniques toward deep learning and transformer-based models. While advanced 

architectures achieve superior feature learning and predictive performance, they demand significantly greater 

computational resources and data availability. The selection of an appropriate technique depends on the 

specific application requirements, dataset size, and available computational infrastructure. 

The support vector machine (SVM) is a commonly used supervised learning method in mechatronics for 

image processing. SVMs are very effective algorithms used for classification tasks. They have the ability to 

accurately divide data into separate classes by utilizing labeled samples [20]. SVMs are commonly used in 

mechatronics systems for tasks like object recognition and image classification. They are effective in 

distinguishing between distinct items or categories by analyzing their attributes [21]. SVMs possess benefits 

such as their ability to handle noise and outliers effectively, rendering them well-suited for a wide range of 

practical applications across many industries [20]. 

Furthermore, decision trees are another supervised learning technique applied in image analysis for 

mechatronics applications. Decision trees are models that use features to divide data into smaller subsets, 

allowing them to make decisions through a sequence of binary splits [21]. Decision trees are commonly 

employed in mechatronics systems for tasks like object detection and recognition. They are particularly 

useful in generating clear and understandable rules for classifying things in images [22]. Decision trees have 

features such as transparency and ease of interpretation, making them attractive tools in applications where 

understanding the decision-making process is vital [21]. 

Unsupervised learning methods are valuable tools in image analysis for mechatronics, offering techniques for 

tasks such as clustering, dimensionality reduction, and anomaly detection. One commonly used algorithm in 
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unsupervised learning is k-means clustering, which partitions data into a predetermined number of clusters 

based on their similarity [23]. In mechatronics applications, k-means clustering is utilized in tasks such as 

image segmentation, where it can partition an image into distinct regions based on pixel similarity [24]. By 

grouping similar pixels together, k-means clustering enables the identification of different objects or regions 

within an image without the need for labeled training data [23]. 

Another unsupervised learning method widely employed in image analysis for mechatronics is Principal 

Component Analysis (PCA) [25]. PCA is a method used to reduce the number of dimensions in a dataset. It 

achieves this by transforming the data from a high-dimensional space to a lower-dimensional space, while 

still retaining the most significant information. In mechatronics systems, PCA is often used for feature 

extraction and compression in tasks such as image compression and pattern recognition [26]. By reducing the 

dimensionality of the data, PCA enables more efficient storage and processing of image data while retaining 

critical information for analysis and decision-making [25]. Additionally, autoencoders are another 

unsupervised learning technique utilized in image analysis for mechatronics applications. Autoencoders are 

neural network architectures designed to learn efficient representations of input data by reconstructing it at 

the output layer [27]. In mechatronics systems, autoencoders are used for tasks such as image denoising, 

where they can remove noise and artifacts from images while preserving essential features [28]. By learning 

a compact representation of the input data, autoencoders enable more robust and efficient image analysis in 

mechatronics applications [27]. 

Deep learning models have emerged as effective tools for image processing and analysis in mechatronics, 

offering exceptional performance in numerous tasks such as object detection, segmentation, and recognition. 

Convolutional neural networks (CNNs) are the cornerstone of deep learning-based image analysis, notable 

for their capacity to automatically learn hierarchical features from raw data. In mechatronics applications, 

CNNs are extensively deployed for tasks like as defect identification in manufacturing, where they can 

effectively identify and classify faults in products based on visual inspection [29]. By employing deep 

architectures with numerous layers, CNNs may capture complex patterns and structures inside images, 

enabling more accurate and robust image analysis in mechatronics systems.  

Another class of deep learning models often utilized in image processing for mechatronics is Recurrent 

Neural Networks (RNNs). RNNs are specialized structures built to handle sequential data by capturing 

dependencies between input items [30]. In mechatronics applications, RNNs are applied for tasks like as 

video analysis and gesture recognition, where they can represent temporal correlations within sequences of 

images or frames [31]. By processing sequences of images over time, RNNs enable mechatronics systems to 

understand dynamic visual inputs and execute complicated tasks such as action identification and prediction. 

Furthermore, generative adversarial networks (GANs) have gained importance in image processing for 

mechatronics, enabling capabilities for image production, augmentation, and manipulation. GANs consist of 

two neural networks, a generator and a discriminator, trained adversarial to produce realistic images [32]. 

Table 1: Comparative Analysis of Machine Learning Techniques for Image Analysis in Mechatronics 

Technique 
Learning 

Type 

Feature 

Extraction 

Data 

Requirem

ent 

Computational 

Cost 
Strengths Limitations 

Recent Verified 

References (2022–

2026) 

Support 

Vector 

Machine 

(SVM) 

Supervised Manual 
Low to 

Medium 
Low 

Effective 

with small 

datasets, 

robust in 

high-

dimensional 

spaces 

Performance 

depends on 

handcrafted 

features, limited 

scalability 

[33][34] 

k-Nearest 

Neighbor 

(k-NN) 

Supervised Manual Low Low 

Simple 

implementati

on, no 

training 

phase 

required 

Sensitive to 

noise and data 

dimensionality 

[35] 

Random 

Forest (RF)  
Supervised Manual Medium Medium 

Robust 

against 

overfitting, 

Requires feature 

engineering, 

limited deep 

[36][37] 
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Technique 
Learning 

Type 

Feature 

Extraction 

Data 

Requirem

ent 

Computational 

Cost 
Strengths Limitations 

Recent Verified 

References (2022–

2026) 

interpretable feature 

representation 

Artificial 

Neural 

Network 

(ANN) 

Supervised 
Semi-

Automatic 
Medium Medium 

Learns 

nonlinear 

relationships 

effectively 

Limited feature 

extraction 

capability 

compared to 

deep learning 

[38][39] 

Convolutio

nal Neural 

Network 

(CNN)  

Supervised Automatic High High 

Excellent 

feature 

extraction 

and 

classification 

performance 

Requires large 

datasets and 

computational 

resources 

[11][40] 

Transfer 

Learning 
Supervised Automatic Medium Medium 

Reduces 

training time 

and data 

requirements 

Performance 

depends on 

source model 

suitability 

[41][11] 

Autoencode

r 

Unsupervise

d 
Automatic Medium Medium 

Effective for 

anomaly 

detection and 

dimensionali

ty reduction 

Reconstruction 

quality affects 

performance 

[42] 

Generative 

Adversarial 

Network 

(GAN) 

Unsupervise

d 
Automatic High Very High 

Generates 

synthetic 

data, 

addresses 

data 

imbalance 

Training 

instability and 

mode collapse 

[43][11] 

Vision 

Transforme

r (ViT) 

Supervised Automatic Very High Very High 

Captures 

long-range 

dependencie

s and global 

features 

Requires 

extensive 

training data and 

computational 

power 

[44][45] 

Hybrid 

CNN-ViT 

Models 

Supervised Automatic Very High Very High 

Combines 

local and 

global 

feature 

learning 

Increased 

architectural 

complexity 

[11][44] 

 

3.  RESULTS AND DISCUSSION 

3.1 Applications of Image Analysis in Mechatronics 

Image analysis is used in many different sectors in mechatronics to improve system capabilities and change 

processes. Table 2 shows the widespread adoption of intelligent image analysis technologies across diverse 

mechatronic domains. It underscores the transition from traditional machine learning methods toward deep 

learning and transformer-based frameworks. It also shows research focus on developing robust, explainable, 

and computationally efficient vision. In manufacturing, image analysis is crucial for quality control and 

inspection, employing cameras and algorithms to detect faults and assure product consistency [46]. 

Additionally, in robotics, image analysis helps robots to see and interact with their surroundings, facilitating 

tasks such as object detection, navigation, and manipulation [47]. In the automobile sector, image analysis 

plays a vital part in advanced driver-assistance systems (ADAS) and autonomous vehicles, where cameras 

and sensors detect impediments, recognize traffic signs, and monitor the vehicle's surroundings in real-time 

[48]. 

Furthermore, image analysis in mechatronics has applications in healthcare, particularly in medical imaging 

and robotic surgery. Medical imaging technologies, such as MRI and CT scanners, utilize image analysis to 

provide detailed images for diagnosis and treatment planning [49]. Robotic surgery systems employ real-time 

imaging and analysis to guide surgical tools with precision, enabling minimally invasive treatments and 
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increasing patient outcomes [50]. Additionally, image analysis adds to developments in agriculture, where it 

is utilized for crop monitoring, disease detection, and yield estimation, helping farmers to optimize resource 

usage and enhance agricultural productivity [51]. 

The integration of image analysis in mechatronics systems has also led to innovations in surveillance and 

security, consumer electronics, aircraft, and marine exploration. Surveillance systems apply image analysis 

for monitoring and identifying security risks, while consumer electronics incorporate it for features such as 

facial recognition and gesture control [52]. In aerospace, image analysis aids in navigation, reconnaissance, 

and target tracking, contributing to the efficiency and safety of operations [53]. Moreover, in marine 

exploration, image analysis aids mapping of the seafloor, monitoring of marine life, and assessment of 

marine ecosystems, giving vital insights for research and conservation activities. 

Table 2: Cross-Domain Applications of Machine Learning-Based Image Analysis in Mechatronics 

Application 

Domain 

Image Analysis 

Task 

ML 

Techniques 
 Datasets 

Performance 

Metrics 

Major 

Challenges 
References  

Smart 

Manufacturing 

Surface defect 

detection and 

quality 

inspection 

CNN, ViT, 

YOLO, 

Transformer-

based 

detectors 

NEU-CLS, 

DAGM, 

MVTec AD 

Accuracy, F1-

score, mAP 

Class imbalance, 

tiny defects, 

noisy 

environments 

[33][37] 

Robotics 

Object detection, 

object 

recognition, 

scene 

understanding 

YOLOv8, 

Faster R-CNN, 

ViT, SAM 

COCO, 

ImageNet, 

Open Images 

mAP, IoU, 

Accuracy 

Occlusion, 

dynamic scenes, 

lighting changes 

[54][55]  

Autonomous 

Vehicles 

Object detection, 

lane detection, 

semantic 

segmentation 

CNN, 

Transformer, 

BEV models 

ZOD, 

Argoverse 2, 

aiMotive 

Dataset 

mAP, IoU, 

Recall 

Adverse 

weather, real-

time processing 

[56] [57] 

Predictive 

Maintenance 

Fault diagnosis 

and condition 

monitoring 

CNN, 

Autoencoder, 

Transfer 

Learning 

CWRU, 

Paderborn 

Accuracy, F1-

score, ROC-

AUC 

Domain shift, 

noisy signals 
[58][59] 

Agricultural 

Mechatronics 

Plant disease 

detection and 

crop monitoring 

CNN, 

EfficientNet, 

ViT 

PlantVillage, 

PlantDoc 

Accuracy, 

Precision, Recall 

Background 

clutter, varying 

illumination 

[60][61] 

Healthcare 

Robotics 

Medical image 

classification 

and robotic-

assisted 

diagnosis 

CNN, U-Net, 

Vision 

Transformer 

BraTS, ISIC, 

ChestX-ray 

datasets 

Accuracy, 

Sensitivity, Dice 

Score 

Data scarcity, 

explainability 
[62] 

3.2 Challenges and Suggested Solutions 

Table 3 provides a structured synthesis of the main challenges, existing solutions, research gaps, and future 

directions in machine learning-based image analysis for mechatronic applications. It spans critical issues that 

repeatedly appear across domains such as smart manufacturing, robotics, autonomous systems, agriculture, 

and healthcare imaging. 

One significant difficulty is the availability and quality of data for training machine learning models. To 

overcome this, efforts should focus on data augmentation approaches, which entail generating synthetic data 

to supplement current datasets [63]. Additionally, collaboration between industry and academia can facilitate 

the collection of labeled datasets through efforts such as open data sharing platforms and joint research 

projects [64]. Researchers may train more robust machine learning models capable of handling numerous 

real-world scenarios by providing access to diverse and high-quality datasets. 

Another key challenge is the interpretability and explainability of machine learning models, particularly deep 

learning models. To boost model interpretability, researchers may explore strategies such as attention 

mechanisms, which highlight significant sections of input data that contribute to the model's predictions [65]. 

Additionally, adding model explanation tools into existing development frameworks can help users evaluate 

model decisions and grasp the reasons behind them [66]. Stakeholders may establish trust in their capabilities 

and ease their adoption in safety-critical applications by increasing the openness and interpretability of 

machine learning models. 
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Real-time processing and computing efficiency are critical for implementing image analysis solutions in 

mechatronic systems, particularly in applications where rapid decision-making is required. One option to 

overcome this difficulty is through hardware optimization, employing specialized hardware accelerators such 

as graphics processing units (GPUs) or field-programmable gate arrays (FPGAs) to accelerate 

computationally intensive tasks. Additionally, researchers might examine strategies such as model 

compression and quantization, which lower the computational complexity of deep learning models without 

significantly sacrificing performance [67]. By optimizing algorithms and exploiting hardware acceleration, 

developers can achieve real-time processing and computational efficiency in mechatronic systems. 

Integration and implementation issues in mechatronic systems require assuring seamless integration of image 

analysis algorithms with existing hardware and software platforms. To solve this, researchers can design 

standardized interfaces and protocols for communication between different components of mechatronic 

systems [68]. Additionally, adopting modular and scalable designs can ease the integration of image analysis 

technologies into varied mechatronic systems [68]. By overcoming integration difficulties, developers can 

streamline the implementation of image analysis technologies in real-world applications, enabling their wider 

adoption 

Table 3: Current Challenges, Research Gaps, and Future Research Directions in Machine Learning-Based 

Image Analysis for Mechatronics 

Challenge 

Area 

Impact on 

Mechatronic Image 

Analysis Systems 

Current 

Approaches 
Research Gap 

Future 

Research 

Direction 

References  

Data scarcity 

and limited 

labeled 

datasets 

Reduces 

generalization 

performance and 

increases overfitting in 

industrial and medical 

vision systems 

Data augmentation, 

transfer learning, 

synthetic data 

generation 

Lack of large-

scale domain-

specific annotated 

datasets for 

mechatronics 

applications 

Self-supervised 

learning and 

foundation 

models for label-

efficient learning 

[33][11] 

High 

computational 

cost of deep 

models 

Limits deployment on 

embedded systems 

and edge devices used 

in robotics and 

manufacturing 

Model 

compression, 

pruning, 

lightweight CNNs 

Inefficient balance 

between accuracy 

and computational 

efficiency 

Edge AI, 

TinyML, and 

efficient 

transformer 

architectures 

[37][69] 

Lack of 

explainability 

in AI 

decisions 

Reduces trust and 

adoption in safety-

critical systems such 

as healthcare robotics 

and autonomous 

driving 

Post-hoc XAI 

methods (Grad-

CAM, SHAP) 

Limited 

integration of 

explainability into 

model design 

Explainable-by-

design AI 

frameworks for 

mechatronic 

systems 

[70][71] 

Domain shift 

and poor 

generalization 

Performance drops 

when models are 

deployed in new 

environments (factory, 

road, field, hospital) 

Transfer learning, 

domain adaptation 

Lack of robust 

cross-domain 

adaptation 

methods for real-

world 

mechatronics 

Domain 

generalization 

and continual 

learning 

approaches 

[11][69] 

Real-time 

processing 

constraints 

Delays in decision-

making affect robotics 

control, autonomous 

navigation, and 

industrial inspection 

Lightweight CNNs, 

edge inference 

optimization 

Trade-off between 

speed and 

accuracy remains 

unresolved 

Real-time vision 

transformers and 

hardware-aware 

neural design 

[33][69] 

Limited 

multimodal 

integration 

Loss of contextual 

information in 

complex environments 

(vision + sensor 

fusion) 

Early fusion and 

late fusion 

techniques 

Lack of unified 

frameworks for 

multimodal 

learning in 

mechatronics 

Vision-

language-action 

models and 

multimodal 

transformers 

[72] 

Safety and 

reliability in 

autonomous 

systems 

Risk of failure in 

robotics, autonomous 

vehicles, and medical 

systems 

Rule-based safety 

layers and 

validation testing 

Lack of certified 

AI systems for 

safety-critical 

deployment 

Trustworthy AI 

and formal 

verification for 

deep learning 

systems 

[73] 
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.3.3 Future Trends and Directions 

Current research is increasingly focused on developing more scalable, efficient, and intelligent frameworks. 

The future of machine learning-based image analysis is therefore expected to be driven by advances in data-

centric methodologies, foundation models, multimodal intelligence, edge computing, and trustworthy 

Artificial Intelligence. The future research roadmap for intelligent mechatronic systems is shown in Figure 2. 

As image analysis systems become more sophisticated, the emphasis is g shifting from model-centric 

optimization toward data-centric artificial intelligence. Future research is expected to focus on the 

development of large-scale domain-specific repositories that support reproducible experimentation and fair 

benchmarking. Open-source initiatives will play a critical role in accelerating innovation by enabling broader 

access to representative datasets. The adoption of comprehensive benchmark datasets will also improve 

model generalization across different operating environments.  

The growing demand for large training datasets has stimulated considerable interest in synthetic data 

generation techniques. Synthetic data has emerged as a promising alternative for addressing data scarcity 

while supporting the development of more robust machine learning models. Recent advances in generative 

artificial intelligence, particularly Generative Adversarial Networks (GANs) and diffusion models, have 

demonstrated remarkable capabilities in producing realistic images that closely resemble real-world data. 

Digital twin technology further extends these capabilities by creating virtual representations of physical 

systems.  The combination of virtual environments and advanced generative models offers a scalable 

pathway toward more reliable, cost-effective, and adaptable image analysis solution. Self-supervised learning 

has emerged as a promising solution to this challenge by enabling models to learn meaningful representations 

directly from unlabeled data [74]. By leveraging unlabeled data, self-supervised frameworks can improve 

learning efficiency while reducing dependence on costly labeling processes. 

Figure 2: Future research roadmap for intelligent mechatronic systems, 

4.  CONCLUSION 

Machine learning-based image analysis has become a central technology in modern mechatronic systems. As 

mechatronic applications continue to evolve toward greater levels of autonomy and environmental 

awareness, the ability to extract meaningful information from visual data has become increasingly important 

across a broad range of industrial and societal domains. The convergence of machine learning, computer 

vision, sensing technologies, and mechatronic design has created new opportunities for developing systems 

This review demonstrate that machine learning-driven image analysis is now widely adopted across diverse 

mechatronic applications. Although the operational objectives vary among these domains, a common trend is 

the growing reliance on intelligent vision systems to improve efficiency and adaptability.  

A clear technological evolution can be observed in the methods used for image analysis. Traditional machine 

learning approaches established important foundations for automated visual interpretation and remain 

valuable in applications However, the growing complexity of visual data has accelerated the adoption of deep 
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learning architectures capable of automatically learning hierarchical feature representations. Convolutional 

Neural Networks have become the dominant framework for many image analysis tasks because of their 

strong feature extraction capabilities and classification performance. More recently, transfer learning 

techniques have reduced the dependence on large labeled datasets, while Generative Adversarial Networks 

have expanded opportunities for data augmentation and synthetic data generation. The emergence of Vision 

Transformers and hybrid CNN-Transformer architectures represents a significant step forward, combining 

local feature extraction with global contextual understanding to address increasingly challenging image 

analysis problems. 

Despite these advances, several obstacles continue to limit the widespread deployment of intelligent image 

analysis systems in real-world mechatronic environments. Emerging research directions offer promising 

pathways for addressing many of these limitations. Foundation models and self-supervised learning 

frameworks have the potential to reduce dependence on extensive labeled datasets while improving model 

generalization across different operational environments. Synthetic data generation through advanced 

generative models and digital twin technologies may help overcome data scarcity and support more robust 

training procedures. At the same time, multimodal learning frameworks capable of integrating visual, 

sensory, and contextual information can provide richer environmental understanding for intelligent 

mechatronic systems. Advances in edge artificial intelligence are expected to facilitate efficient deployment 

in resource-constrained environments, while the development of trustworthy and explainable AI frameworks 

will be critical for ensuring transparency, safety, and user confidence. 

Machine learning-based image analysis has progressed from a supporting computational tool to a 

fundamental component of intelligent mechatronic systems. Its continued development will play a decisive 

role in shaping the next generation of autonomous, adaptive, and interconnected technologies. By addressing 

current limitations and embracing emerging paradigms such as foundation models, multimodal intelligence, 

edge AI, and trustworthy artificial intelligence, the field is well positioned to deliver more capable and 

resilient mechatronic systems. 
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