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Abstract: Optimization problems are at the core of many engineering systems, where performance, efficiency, and reliability must be improved under practical constraints. Existing studies on machine learning based optimization often emphasize algorithmic development, while providing limited discussion on how learning models support decision making under real engineering constraints. In recent years, machine learning has become an increasingly important tool for addressing optimization tasks that are difficult to solve using conventional analytical or heuristic approaches. Instead of relying on explicit system models, machine learning methods enable optimization strategies to be learned directly from data. This paper presents an overview of machine learning based methods for engineering system optimization. The discussion focuses on commonly used learning models, their roles in optimization workflows, and their application in representative engineering domains. In addition, practical challenges related to interpretability, data dependence, computational burden, and engineering deployment are examined. The aim of this review is to provide engineers and researchers with a clear understanding of how machine learning is currently used for optimization and what limitations must be considered in real engineering practice.
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1 Introduction

Optimization has long been a central topic in engineering research and practice, as engineering design and operation are fundamentally concerned with achieving the best possible performance under multiple constraints. Engineers routinely face problems that require selecting system parameters, operating conditions, or control strategies in order to improve efficiency, reliability, and robustness while simultaneously satisfying physical, economic, and safety requirements. Classical optimization techniques, including gradient based methods, mathematical programming, and heuristic algorithms, have been successfully applied in many engineering domains, ranging from mechanical design to process control. Despite their success, these approaches often rely on simplified mathematical models and idealized assumptions that do not fully capture the complexity and variability of real engineering systems [1].

In contemporary engineering practice, systems are becoming increasingly complex due to growing system scale, tighter performance requirements, and stronger interactions among subsystems. Nonlinear behavior, uncertainty arising from environmental conditions or operational variability, and time varying system dynamics are now common characteristics rather than exceptions. Under these conditions, deriving accurate analytical models can be difficult, costly, or even infeasible. Model inaccuracies may significantly reduce the effectiveness of traditional optimization methods and lead to solutions that perform well in theory but poorly in practice. These challenges have motivated the exploration of alternative optimization paradigms that are less dependent on explicit system modeling.

Machine learning offers such an alternative by enabling optimization related knowledge to be extracted directly from data rather than imposed through predefined equations. Instead of relying solely on first principles models, learning based methods can identify patterns and relationships from historical or operational data, allowing complex system behavior to be approximated with greater flexibility [2]. The rapid development of sensing technologies, digital control systems, and data storage infrastructures has further accelerated the adoption of data driven approaches in engineering. As a result, large volumes of data are now routinely generated throughout the lifecycle of engineering systems, creating new opportunities for learning assisted optimization.

It is important to note that machine learning is rarely used as a complete replacement for traditional optimization techniques in engineering applications. In most practical settings, learning based methods are integrated with established optimization frameworks to enhance their performance and adaptability. Machine learning models may be used as surrogate representations of computationally expensive simulations, as predictive tools to support decision making, or as components of adaptive optimization strategies that evolve in response to changing system conditions. This complementary role reflects the practical needs of engineering systems, where reliability, transparency, and controllability remain critical considerations.

Against this background, a growing body of research has investigated the use of machine learning for engineering system optimization across different domains and problem settings. However, existing studies are often scattered across disciplines and focus on specific algorithms or applications. This paper reviews machine learning based methods from an engineering optimization viewpoint, with an emphasis on practical usage rather than algorithmic novelty. In contrast to surveys that primarily categorize methods by learning paradigms, this review emphasizes how machine learning models are used to support different optimization functions in engineering systems. By synthesizing existing work, the review aims to clarify how machine learning is currently employed in engineering optimization, identify common patterns and limitations, and provide a foundation for future research and application.

2 Machine Learning Models Used in Engineering Optimization

Machine learning models play different roles in engineering optimization depending on how they interact with system models, data availability, and decision making processes. Rather than forming a single unified approach, learning based optimization in engineering typically relies on a combination of supervised, unsupervised, and reinforcement learning techniques. Each category addresses specific challenges encountered in complex engineering systems and supports optimization in distinct ways.

2.1 Supervised Learning in Optimization Tasks

Supervised learning models are widely adopted in engineering optimization because of their strong ability to approximate complex input output relationships that are difficult to capture using explicit analytical models. These models are trained using labeled datasets, where system parameters, design variables, or operating conditions are associated with performance indicators, cost functions, or objective values [3]. From an engineering perspective, this learning process can be viewed as constructing an implicit model of system behavior based on observed data rather than first principles alone.

In many practical optimization problems, evaluating the objective function requires high fidelity numerical simulations or repeated physical experiments. Such evaluations are often computationally expensive, time consuming, or infeasible when the design space is large. This challenge is particularly common in high dimensional and nonlinear engineering optimization problems, such as design space exploration and multi objective parameter tuning under complex constraints. In these settings, direct optimization using traditional methods may become prohibitively slow or unstable.

Supervised learning models, such as neural networks and support vector machines, are therefore frequently employed as surrogate models to replace high cost simulations. Once trained, these surrogate models provide fast approximations of objective functions, enabling rapid evaluation of candidate solutions during the optimization process [4]. This significantly reduces computational burden and allows optimization algorithms to explore larger portions of the design space within practical time limits.

The use of supervised learning based surrogate models is especially effective when optimization must be performed repeatedly under similar operating conditions, such as iterative design refinement or online adjustment of system parameters. In such cases, the initial cost of model training can be amortized over multiple optimization cycles. However, engineers must also account for limitations related to data coverage and model generalization. Supervised models typically perform well within the range of training data but may produce unreliable predictions when extrapolating beyond observed conditions. As a result, surrogate based optimization is often combined with validation mechanisms or adaptive retraining strategies to ensure acceptable performance in real engineering applications.

2.2 Unsupervised Learning for System Understanding

Unsupervised learning methods are primarily used in engineering optimization to support problem formulation and system understanding rather than to directly generate optimal solutions. Unlike supervised approaches, these methods operate on unlabeled data and aim to uncover patterns, structures, or correlations that are not explicitly defined in advance. Techniques such as clustering and dimensionality reduction are particularly useful for analyzing complex engineering datasets and simplifying optimization problems [5].

From an optimization standpoint, clustering methods can be used to identify typical operating modes, system states, or usage patterns within an engineering system. By grouping data into meaningful regimes, engineers can design optimization strategies that are tailored to specific operating conditions rather than relying on a single global model. This regime based perspective often improves optimization robustness, especially in systems that exhibit significantly different behaviors under varying loads or environmental conditions.

Dimensionality reduction methods play a complementary role by reducing the number of variables involved in optimization tasks. Large scale engineering systems often generate high dimensional data with strong correlations among variables, which can increase computational complexity and obscure key system relationships. By projecting data onto a lower dimensional representation, these methods help preserve essential system characteristics while making optimization problems more tractable. This reduction can also improve the numerical stability of subsequent optimization procedures.

From an engineering perspective, unsupervised learning methods are therefore mainly used to structure optimization problems rather than to directly compute optimal solutions. They assist engineers in identifying relevant variables, separating operating regimes, and clarifying system behavior, which in turn enables more effective application of supervised or reinforcement learning based optimization methods. In this sense, unsupervised learning provides an important foundation for data driven optimization in complex engineering systems.

2.3 Reinforcement Learning for Sequential Optimization

Reinforcement learning has attracted significant attention in engineering optimization due to its suitability for sequential decision making problems, where optimization objectives must be achieved over time rather than through a single static solution. In this framework, an agent learns how to act through interaction with the system environment in order to maximize cumulative reward, which implicitly represents long term performance objectives [6]. This learning paradigm is particularly relevant for engineering systems whose states evolve dynamically and where control actions have delayed or cumulative effects.

Engineering applications of reinforcement learning often involve control and operational optimization tasks, where decisions must be updated continuously based on system feedback. Typical examples include process control, traffic management, and network resource allocation, in which system dynamics, external disturbances, and operational constraints change over time. In such settings, reinforcement learning enables the development of adaptive policies that respond to observed system states rather than relying on fixed control rules or precomputed optimization solutions.

Compared with static optimization approaches, reinforcement learning offers greater flexibility in dynamic and uncertain environments [7]. Instead of repeatedly solving optimization problems from scratch, learning based policies can adapt online as new information becomes available. This capability is particularly valuable in engineering systems where accurate models are difficult to maintain or where system behavior varies across operating conditions. However, this flexibility also introduces additional challenges related to training stability, convergence, and computational cost.

In engineering practice, reinforcement learning is rarely deployed in its unconstrained form. To ensure acceptable system behavior during learning, reinforcement learning algorithms are typically combined with constraints, safety mechanisms, or prior engineering knowledge. These measures may include restricting the action space, shaping reward functions to penalize unsafe behavior, or embedding domain constraints into the learning process. Such adaptations are essential for aligning reinforcement learning with engineering requirements related to safety, reliability, and regulatory compliance.

Within the broader context of engineering system optimization, reinforcement learning complements supervised and unsupervised learning approaches by addressing optimization problems that are inherently sequential and feedback driven. While supervised learning supports surrogate modeling and unsupervised learning aids system structuring, reinforcement learning focuses on decision making under uncertainty and temporal dependence. Table 1 summarizes the main machine learning paradigms used in engineering system optimization and highlights their respective roles within optimization workflows.



	Learning paradigm
	Role in optimization
	Typical engineering tasks
	Main limitations

	Supervised learning
	Surrogate modeling
	Design optimization in high dimensional spaces, parameter tuning under nonlinear constraints, performance prediction
	Strong dependence on data quality, limited extrapolation capability

	Unsupervised learning
	System understanding
	Operating mode identification, feature extraction, anomaly detection
	Indirect contribution to optimization, interpretation challenges

	Reinforcement learning
	Sequential decision making
	Control optimization, resource allocation, adaptive system operation
	Training instability, safety and computational concerns


Table 1. Summary of machine learning paradigms used in engineering system optimization.

3 Engineering Applications of Machine Learning Based Optimization

Machine learning based optimization has been applied across a wide range of engineering domains, primarily driven by the increasing availability of operational data and the growing complexity of engineering systems. In practical applications, learning based methods are rarely used in isolation. Instead, they are embedded within engineering workflows to support decision making, improve system performance, and enhance adaptability under uncertainty. This section reviews representative application domains where machine learning has played a significant role in engineering optimization.

3.1 Manufacturing Systems

Manufacturing systems involve complex and tightly coupled processes that must balance productivity, product quality, and operational cost under strict operational constraints. These systems are often characterized by strong nonlinear interactions among process parameters, equipment variability, and fluctuating production demands. Traditional optimization methods, which typically rely on simplified models or fixed heuristics, often struggle to cope with such variability. As a result, machine learning has been increasingly adopted to support optimization tasks such as production scheduling, process parameter selection, and quality control in manufacturing environments [8].

By learning from historical production data, machine learning models can capture relationships between process settings and performance outcomes that are difficult to model analytically. In many manufacturing scenarios, physical models are either incomplete or too complex to be used directly for optimization. Learning based models are therefore commonly employed to predict key performance indicators, such as yield, defect rates, processing time, or energy consumption. These predictions provide valuable input for optimization decisions, particularly in multi objective settings where trade offs between quality, throughput, and cost must be carefully managed.

Data driven optimization approaches enable manufacturers to respond more effectively to variations in equipment performance, raw material properties, and order patterns. For example, learning based models can support adaptive adjustment of process parameters when operating conditions change, reducing the need for manual retuning. This capability improves operational flexibility and allows manufacturing systems to maintain stable performance despite uncertainty and disturbance [9].

In addition to performance improvement, machine learning based optimization supports predictive and proactive decision making in manufacturing systems. By incorporating information from condition monitoring and production history, optimization strategies can be adjusted based on predicted machine degradation or expected demand fluctuations. This predictive capability is particularly valuable for minimizing downtime and avoiding quality degradation. However, the effectiveness of such approaches depends on data availability, data quality, and system stability. Continuous model validation and periodic updating are therefore essential to ensure reliable optimization performance in real industrial settings.

3.2 Energy Systems

Energy systems present particularly challenging optimization problems due to fluctuating demand, increasing integration of renewable energy sources, and strict operational and regulatory constraints. Modern energy systems must operate reliably under uncertainty arising from weather variability, consumption patterns, and equipment availability. Traditional optimization approaches often rely on simplified physical or statistical models, which may not fully capture the stochastic and nonlinear characteristics of these systems. As energy systems become more complex and data rich, machine learning methods have therefore been applied to tasks such as load forecasting, energy dispatch, and system control to improve optimization accuracy and adaptability [10].

Learning based models are especially effective in capturing complex relationships between environmental conditions and energy production, which is essential for optimizing renewable energy systems. Renewable sources such as wind and solar power are inherently variable and difficult to predict using deterministic models alone. By leveraging historical weather data, sensor measurements, and operational records, machine learning models can provide more accurate forecasts of energy generation and demand. These predictions play a critical role in scheduling and dispatch decisions, helping operators balance supply and demand while respecting operational constraints.

Beyond prediction, machine learning based optimization supports more efficient coordination among different components of energy systems. Improved forecasts enable better integration of renewable energy into existing grids, reducing reliance on reserve capacity and mitigating operational risks. This capability is increasingly important as energy systems transition toward higher shares of renewable generation, where uncertainty and variability pose significant challenges to traditional optimization frameworks.

Reinforcement learning has also been explored for adaptive energy management strategies that respond to real time system states [11]. In these approaches, control policies are learned through interaction with the system, allowing decisions to be adjusted dynamically as operating conditions change. Reinforcement learning based optimization is particularly attractive for managing distributed energy resources, storage systems, and demand response, where centralized optimization may be difficult to implement in real time.

However, the practical deployment of reinforcement learning and other learning based optimization methods in energy systems requires careful consideration of system reliability, safety constraints, and computational requirements. Energy systems are safety critical infrastructures, and optimization strategies must comply with strict operational rules and regulatory standards. As a result, learning based methods are often combined with constraint handling mechanisms or deployed within supervised operational frameworks to ensure stable and reliable system behavior.

3.3 Transportation Systems

Optimization in transportation systems aims to improve efficiency, safety, and reliability under highly dynamic and uncertain conditions. Traffic demand, network structure, and user behavior can change rapidly over time and across different spatial scales, making traditional static optimization approaches difficult to apply effectively. These systems are further complicated by strong interactions among vehicles, infrastructure, and control mechanisms. As a result, machine learning based optimization has been increasingly used in areas such as traffic signal control, route planning, and demand prediction to address these challenges [12].

Transportation systems generate large volumes of heterogeneous data from sensors, connected vehicles, and infrastructure components. These data provide valuable information for learning traffic patterns, mobility behavior, and system dynamics. Machine learning models can analyze such data to predict congestion, estimate travel time, and infer demand fluctuations, which are critical inputs for optimization decisions. By incorporating these predictions into control and routing strategies, transportation systems can respond more effectively to changing conditions and reduce congestion through adaptive and responsive control mechanisms [13].

From an optimization perspective, learning based methods enable a shift from preplanned strategies to data driven and context aware decision making. For example, traffic signal timing can be adjusted in response to real time demand rather than fixed schedules, and routing recommendations can be updated based on evolving network conditions. This adaptability is particularly valuable in urban environments, where traffic patterns are highly variable and difficult to model accurately using static approaches.

Despite these advantages, transportation optimization using machine learning must account for several practical challenges. Data heterogeneity and quality issues can affect model reliability, while privacy concerns impose constraints on data collection and usage. In addition, transportation systems are large scale and involve multiple stakeholders, including operators, policy makers, and users. Integrating learning based optimization into existing transportation management systems therefore requires careful coordination across operational levels, as well as consideration of scalability, interoperability, and regulatory requirements.

3.4 Communication and Network Systems

In communication and network systems, optimization problems arise in bandwidth allocation, power control, routing, and network configuration, all of which directly affect system performance and quality of service. These systems are characterized by rapidly changing conditions, heterogeneous traffic patterns, and strong interactions among network components. Traditional optimization techniques often rely on static or simplified models, which may become ineffective when network states change quickly or when system scale increases. Machine learning has therefore been used to predict network states and guide optimization decisions under uncertainty [14].

Learning based optimization methods are particularly well suited to dynamic network environments where system conditions vary continuously over time. By learning from historical and real time network performance data, machine learning models can capture complex relationships between traffic demand, channel conditions, and resource utilization. This capability enables adaptive resource management strategies that respond to traffic fluctuations and changing user demands, improving network efficiency and robustness.

From an optimization perspective, machine learning allows network control strategies to move beyond fixed rules or predefined configurations. For example, resource allocation decisions can be adjusted based on predicted congestion or channel quality rather than static thresholds. Reinforcement learning has shown strong potential in this context by enabling agents to learn control policies through interaction with the network environment, without relying on explicit analytical models [15]. Such approaches are particularly attractive for large scale and heterogeneous networks, where deriving accurate models is difficult.

However, the practical deployment of machine learning based optimization in communication networks requires careful consideration of several engineering constraints. Training stability and convergence speed are critical factors, especially in environments where decisions must be made at short time scales. In addition, learning based methods must be compatible with existing network protocols and operational frameworks. Ensuring interoperability and maintaining reliable performance during learning and adaptation are essential for real world deployment. These considerations highlight the need for engineering oriented design of learning based optimization methods in communication and network systems.

4 Challenges and Limitations

Although machine learning based optimization methods have shown strong potential in a wide range of engineering applications, several fundamental challenges continue to limit their practical effectiveness. These challenges are not purely algorithmic in nature, but are closely related to engineering requirements, operational constraints, and real world deployment conditions. Understanding these limitations is essential for assessing when and how machine learning based optimization can be reliably applied in engineering systems.

4.1 Interpretability and Trust

One of the most frequently cited concerns in machine learning based optimization is the limited interpretability of many learning models. In engineering contexts, optimization results are often used to support high impact decisions involving safety, cost, and system reliability. Decision makers therefore require not only accurate results, but also clear explanations of why a particular solution is recommended [16].

Black box models, such as deep neural networks, can achieve high predictive accuracy but provide little insight into the underlying decision logic. This lack of transparency can reduce trust among engineers and operators, particularly in safety critical systems where accountability and traceability are essential. As a result, engineers may be reluctant to adopt optimization strategies that cannot be explained in physical or operational terms. Improving interpretability through model simplification, explainable learning techniques, or the incorporation of domain knowledge remains an important challenge for practical engineering adoption.

4.2 Dependence on Data Quality

Machine learning based optimization relies heavily on the availability of high quality and representative data. In practice, engineering data are often incomplete, noisy, or biased due to sensor limitations, operational disruptions, or changes in system configuration. When training data do not adequately represent real operating conditions, learned models may produce unreliable optimization outcomes [17].

Data related challenges are particularly pronounced in large scale or long life engineering systems, where historical data may reflect outdated technologies or operating regimes. In addition, rare but critical events are often underrepresented in datasets, limiting the ability of learning models to optimize system behavior under extreme conditions. These issues highlight the importance of robust learning strategies, careful data validation, and continuous model updating in engineering optimization applications.

4.3 Computational Requirements

The computational cost associated with machine learning based optimization represents another significant limitation. Advanced learning models, especially deep learning and reinforcement learning approaches, often require substantial computational resources for training. In optimization settings, this cost can be amplified when models must be retrained repeatedly or evaluated within iterative optimization loops [18].

In real time or resource constrained environments, such as embedded systems or industrial control platforms, computational limitations may prevent the deployment of complex learning models. Even when sufficient computational resources are available, long training times can hinder rapid adaptation to changing system conditions. Balancing model complexity, optimization performance, and computational efficiency remains a key engineering challenge.

4.4 Practical Integration in Engineering Systems

Beyond technical performance, the successful use of machine learning based optimization depends on its integration into existing engineering systems and workflows. Many industrial environments operate under strict standards, regulations, and certification requirements that were not designed with learning based systems in mind. Integrating machine learning into these settings often requires additional validation, monitoring, and maintenance procedures [19].

Furthermore, engineering organizations may lack the expertise or infrastructure needed to support data driven optimization solutions over the full system lifecycle. Issues related to model maintenance, data management, and responsibility assignment can complicate deployment. From a broader perspective, the transition toward learning based optimization reflects an ongoing shift in engineering practice toward data driven decision making, which requires not only technical solutions but also organizational and cultural adaptation [20].

5 Conclusion

Machine learning has become an increasingly important component of modern engineering system optimization, providing new tools for addressing complexity, uncertainty, and scalability that are difficult to handle using traditional optimization techniques alone. As engineering systems grow in size and sophistication, the limitations of purely analytical or model based approaches have become more apparent. Learning based methods offer a complementary pathway by enabling optimization strategies to be informed directly by data generated during system design, operation, and maintenance.

This paper reviewed commonly used machine learning models and discussed how they are integrated into optimization workflows across several key engineering domains, including manufacturing, energy, transportation, and communication systems. Rather than focusing on algorithmic novelty, the review emphasized the practical roles that learning based methods play in engineering optimization, such as surrogate modeling, decision support, and adaptive control. Through these applications, machine learning has demonstrated its ability to enhance optimization performance and improve system responsiveness under changing conditions.

At the same time, the review highlighted several challenges that must be addressed to ensure the reliable and effective use of machine learning in engineering practice. Issues related to data quality, model interpretability, computational requirements, and system integration remain critical barriers to widespread adoption. These challenges underscore the fact that successful optimization is not determined by model accuracy alone, but also by the extent to which learning based solutions align with engineering constraints, safety requirements, and operational realities.

Future research in this area should therefore place greater emphasis on the integration of machine learning with engineering knowledge and domain expertise. Hybrid approaches that combine data driven learning with physical modeling and engineering principles are likely to offer improved robustness and transparency. In addition, greater attention should be given to lifecycle considerations, including model validation, updating, and long term maintenance, to support sustainable deployment in real world systems. By addressing these issues, machine learning based optimization can continue to evolve as a practical and reliable tool for advancing engineering system performance.
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