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Abstract 

This review paper explores the growing integration of artificial intelligence (AI) and machine learning 

(ML) within the field of tribology. Tribology, the study of friction, wear, and lubrication, is crucial for 

improving the performance and longevity of mechanical systems. This review explores the role of AI 

and machine learning techniques, including artificial neural networks (ANNs), support vector machines 

(SVMs), and physics-informed machine learning (PIML)can be used to solve difficult tribological 

problems. This research presents the development of an intelligent scheduler website that streamlines 

task management through automation, real-time notifications, and priority-based allocation. User 

testing confirmed significant improvements in productivity, time efficiency, and conflict reduction 

compared to traditional methods. By integrating cloud-based storage and cross-platform accessibility, 

the system ensures flexibility and security. While effective in its current form, future enhancements such 

as mobile applications, third-party integrations, and advanced customization will further expand its 

adaptability for personal, professional, and organizational use.' 
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INTRODUCTION 

As an interdisciplinary field, tribology plays a pivotal role in understanding and improving the 

performance, reliability, and efficiency of mechanical systems. It is primarily concerned with the 

science of friction, lubrication, and wear between interacting surfaces, which are the fundamental 

processes governing machine operation and material durability [1]. The relevance of tribology extends 

across numerous industries, including automotive, aerospace, energy, biomedical engineering, and 

manufacturing, where surface interactions directly affect the system performance, energy consumption, 

and component lifespan. Moreover, the growing emphasis on sustainability and energy efficiency has 

amplified the importance of tribological studies for reducing material waste, enhancing fuel economy, 

and minimizing environmental impacts [1]. 

 

Traditional tribological research methods rely heavily on experimental testing, physical simulations, 

and trial-and-error. Although effective, these 

methods are often time-consuming, resource-

intensive, and costly, limiting their scalability and 

speed of innovation [2]. Additionally, the 

complexity of tribological systems, where multiple 

factors such as material properties, operating 

conditions, lubrication regimes, and environmental 

influences interact, poses challenges in accurately 

predicting the system behavior through 

conventional approaches. 

 

Recently, artificial intelligence (AI) and machine 

learning (ML) have introduced transformative 

possibilities for addressing these challenges [3, 4]. 
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AI-driven techniques enable researchers to process large volumes of experimental and simulated data, 

uncover hidden patterns, and develop predictive models with high accuracy and efficiency. In particular, 

machine learning supports the identification of correlations between the input parameters and 

tribological outcomes, offering a faster and more cost-effective pathway for performance optimization. 

These approaches also facilitate real-time system monitoring, adaptive control strategies, and advanced 

material design, paving the way for smarter data-driven tribological solutions [4]. 

 

This review explores the growing intersection of AI and tribology, emphasizing recent advancements, 

persistent challenges, and promising future directions for integrating intelligent systems into this 

evolving discipline [3]. 

 

AI AND ML TECHNIQUES IN TRIBOLOGY 

Several AI and ML techniques have been applied to various tribological problems, including. 

• Artificial Neural Networks (ANNs): Modeled after the structure and functioning of the human 

brain, ANNs can analyze complex nonlinear relationships between input and output parameters. 

[5] [6]. ANNs can be used to predict the tool wear, material behavior, and film thickness in 

lubricated contacts [1] [2]. Regression models are often used because they can learn from the 

data to make predictions. Research has demonstrated the effectiveness of ANNs for solving 

complex nonlinear problems. There are different types of ANNs, such as feed-forward neural 

networks, convolutional neural networks (CNNs), and backpropagation networks. [2]. 

• Support Vector Machines (SVMs): SVMs have emerged as an effective machine-learning 

technique for predicting the tribological properties of materials, particularly because of their 

ability to handle both classification and regression tasks. In the field of tribology, the accurate 

prediction of parameters such as the coefficient of friction (COF) and specific wear rate (SWR) 

is essential for material selection, design optimization, and performance enhancement. 

Traditional experimental approaches for determining these properties are often resource-

intensive, time-consuming, and have limited scalability. SVMs provide a powerful alternative by 

learning from existing datasets and generating highly accurate predictive models. Recent studies 

have demonstrated the efficiency of SVMs in modeling the tribological behavior of polymer 

composites, where complex interactions between fillers, matrix materials, and operating 

conditions make prediction challenging [5]. By offering reliable and data-driven insights, SVMs 

can contribute to advancing material development, reducing experimental costs, and accelerating 

innovation in tribological applications.  

• Fuzzy Systems: Fuzzy systems employ fuzzy logic to replicate human-like decision making, 

particularly in situations where uncertainty, imprecision, or incomplete information exists. 

Unlike conventional binary logic, which classifies data into rigid true or false categories, fuzzy 

logic allows for degrees of truth, enabling more flexible and adaptive modeling. This capability 

makes fuzzy systems highly suitable for managing complex and nonlinear processes where exact 

mathematical models may be difficult to derive. In tribology, such adaptability is especially 

valuable, as friction, wear, and lubrication processes are often influenced by multiple 

interdependent and time-varying factors, including material properties, load conditions, 

temperature variations, and surface characteristics [3]. Fuzzy systems can handle these 

nonlinearities effectively, offering insights into system behavior and improving predictive 

accuracy. By simulating real-world uncertainties, fuzzy systems support optimization in 

tribological studies, enabling a more reliable performance assessment, better decision-making, 

and enhanced control of mechanical systems under dynamic operating conditions.  

• Physics- Physics-Informed Machine Learning (PIML) represents an advanced approach that 

integrates established physical principles with modern machine learning techniques to enhance 

model performance. Unlike purely data-driven methods, PIML ensures that predictions remain 

consistent with fundamental physical laws, thereby improving the accuracy, interpretability, and 

generalizability [7]. This integration reduces the risk of unrealistic outputs and provides greater 

confidence in results across complex systems. Additionally, PIML offers flexibility because 
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models can be adapted with minor modifications to suit diverse applications and operational 

environments. From engineering simulations to materials science and fluid dynamics, PIML 

enables efficient, physics-guided learning, bridging the gap between traditional computational 

models and machine intelligence, while contributing to more reliable and scalable technological 

advancements.  

 

APPLICATIONS OF AI AND ML IN TRIBOLOGY 

AI and ML techniques are used to address a variety of tribological problems, and Physics-Informed 

Machine Learning (PIML) represents an advanced approach that integrates established physical 

principles with modern machine learning techniques to enhance model performance. Unlike purely 

data-driven methods, PIML ensures that predictions remain consistent with fundamental physical laws, 

thereby improving the accuracy, interpretability, and generalizability [7]. This integration reduces the 

risk of unrealistic outputs and provides greater confidence in results across complex systems. 

Additionally, PIML offers flexibility because models can be adapted with minor modifications to suit 

diverse applications and operational environments. From engineering simulations to materials science 

and fluid dynamics, PIML enables efficient, physics-guided learning, bridging the gap between 

traditional computational models and machine intelligence, while contributing to more reliable and 

scalable technological advancements. 

• Predictive Modeling: ML models are used to predict tribological Characteristics such as wear 

rate and friction coefficients [8]. These predictive models use data from experiments or 

simulations to forecast the behavior of materials and lubricants under different conditions [5]. 

For example, AI can predict the film thickness of a lubricant or the wear of a cutting tool [2]. 

• Material Design and Optimization: ML can optimize the design of materials and lubricants. By 

analyzing datasets of material properties, ML algorithms can identify ideal parameters for 

specific applications [9]. For instance, ML has optimized the composition of nanolubricants for 

specific applications [9]. 

• Condition Monitoring: AI is used for the real-time monitoring of machine components for fault 

detection and remaining useful life (RUL) prediction [10, 4]. This helps prevent failures and 

optimizes maintenance schedules. For instance, AI-powered digital twins can be deployed on 

real components to facilitate predictive maintenance. This monitoring can use sensor data, such 

as load, friction, and temperature, to predict the remaining useful life of components [10]. 

• Surface Engineering: Machine learning assists in optimizing surface texturing processes by 

recommending optimal parameters for laser texturing [6]. This leads to improved tribological 

performance by reducing friction and wear [6]. 

 

CURRENT CHALLENGES AND FUTURE DIRECTIONS 

Despite significant advances in AI and ML in tribology, there are some challenges. 

• Data Availability and Quality: The success of AI/ML models is highly dependent on the presence 

of large, high-quality, and well-documented datasets, which [7]. It can be difficult and expensive 

to acquire, limiting the potential of data-driven approaches. Data must be "fair" (findable, 

accessible, interoperable, and reusable) to maximize its impact [7]. 

• Model Generalizability: Models trained on limited datasets may not generalize well to new 

conditions or systems. PIML methods help address this challenge by incorporating physical 

principles to improve the model robustness [7]. 

• Interpretability: Certain machine-learning models, such as deep neural networks, can be 

challenging to interpret, making it difficult to understand the reasoning behind their predictions. 

This lack of transparency can undermine confidence in the models and their outcomes [4]. 

• Integration with Existing Tribological Frameworks: The successful integration of AI and ML in 

tribology requires the reorganization of thinking and research processes. Therefore, it is 

necessary to develop methods that can combine data analyses with existing physical models. [4]. 

• Hybrid Approaches: Combining different ML techniques (e.g., ANNs and fuzzy logic) can yield 

more robust and accurate models [11]. 
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FUTURE DIRECTIONS FOR THE FIELD INCLUDE 

Standardized Datasets and Data-Sharing Platforms 

The development of standardized datasets and open data-sharing platforms is essential for advancing 

AI applications in tribology. Shared high-quality data can significantly improve machine-learning 

model training, reproducibility, and benchmarking. By enabling collaborative research across 

institutions, such platforms ensure consistency, accelerate innovation, and reduce the duplication of 

efforts in addressing complex tribological challenges [7]. 

 

Hybrid AI Models Combining Data and Physics 

Future research should focus on the development of hybrid AI models that integrate data-driven 

methods with physics-based knowledge. Such approaches balance empirical learning with fundamental 

scientific principles, ensuring that the predictions remain reliable and interpretable. These hybrid 

frameworks can capture nonlinearities and constraints in tribological systems better, improve 

generalization, and enable more accurate simulations under diverse operating conditions [7]. 

 

Interpretable AI Models in Tribology 

Another promising direction is the creation of interpretable AI models that not only generate 

predictions but also provide mechanistic insights into tribological processes. By enhancing transparency 

and trust, interpretable models can help researchers and engineers understand the relationships between 

input variables and system behavior, facilitating innovation and informed decision making in 

experimental design and optimization [7]. 

 

AI in Emerging Fields: bio-Tribology and Green Tribology 

Artificial intelligence is increasingly being applied in emerging fields, such as bio-tribology and 

green tribology. In biotribology, AI helps optimize implants, biomaterials, and tissue interactions, 

improving patient outcomes. In green tribology, AI supports sustainable practices by enhancing the use 

of eco-friendly lubricants and materials. These applications highlight AI’s role of AI in fostering 

innovation with environmental and biomedical impact [4]. 

 

AI integration into Digital Twins 

The integration of AI into digital twins offers a powerful opportunity for real-time monitoring and 

predictive maintenance. By simulating tribological systems in virtual environments, AI-driven digital 

twins provide early warnings of wear or failure, enabling proactive interventions. This reduces the 

downtime, enhances reliability, and extends the service life of machinery across industrial  

applications [10]. 

 

Efficient Active Learning Workflows 

Developing more efficient active learning workflows is critical to reducing the high costs associated 

with data generation and model training in tribology. By enabling models to selectively query the most 

informative data, active learning minimizes experimental effort while maximizing knowledge gain. 

This approach accelerates the development of robust predictive models and supports resource-efficient 

research [12].  

 

CONCLUSION 

The fusion of AI and ML has revolutionized the domain of tribology by enabling more efficient 

analysis, prediction, and optimization of tribological systems. These techniques offer powerful new 

tools for researchers and engineers, with the potential to accelerate discoveries and improve the 

reliability and effectiveness of mechanical setups. The importance of "AI for tribology" will continue 

to increase as data availability and AI techniques progress, revolutionizing the approach and solution 

of tribological problems. 
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