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ABSTRACT

Optimization of energy efficiency in mechanical engineering systems has progressed from isolated component
tuning to a multi-scale engineering problem that links equipment design, operating-condition selection, and
computational decision-making. This review synthesizes literature across pumps, compressors, turbines, heat
exchangers, boilers, and motors, emphasizing practical interventions such as variable speed drives, advanced
materials, surface modification, and improved lubrication. It further evaluates classical mathematical
optimization methods, including Linear Programming, Nonlinear Programming, and Dynamic Programming,
alongside metaheuristic strategies such as Genetic Algorithm, Particle Swarm Optimization, Simulated
Annealing, and Ant Colony Optimization. Recent review literature shows that optimization is increasingly
treated as an integrated process-systems problem, with Al-assisted and hybrid modeling approaches expanding
the scope of feasible solutions. 1 Representative application studies demonstrate that nonlinear surrogate-based
optimization can successfully minimize cost or emissions in industrial energy systems, that thermal—
mechanical compression can outperform single-cycle alternatives in high-temperature heat upgrading, and that
modified PSO variants can improve solution quality in constrained mechanical design problems. 254 Recent
multiscale optimization work also shows that fast-converging PSO frameworks can improve both energy
consumption and output efficiency in complex engineering systems. 6 The evidence indicates that optimization
gains depend on problem structure, constraint severity, and implementation realism rather than on algorithmic
novelty alone. The main lacunae are fragmentation between physical and computational interventions, limited
benchmarking across domains, weak reporting of deployment feasibility, and insufficient integration of
robustness and lifecycle metrics. To address these gaps, the review proposes a unified engineering framework
for selecting optimization strategies according to system complexity, data availability, objective structure, and
industrial applicability.

Keywords: Energy efficiency; mechanical engineering systems; exergy; optimization; linear programming
INTRODUCTION

Energy efficiency is now a foundational design objective in mechanical engineering because industrial plants,
thermal systems, rotating equipment, and utility networks account for substantial energy use and associated
emissions. In practice, optimization is no longer limited to selecting a single best operating point; instead, it is
used to balance thermodynamic performance, cost, reliability, environmental burden, maintainability, and
industrial feasibility. Recent review literature shows a marked shift toward multiscale optimization in which
physical modeling, surrogate modeling, and algorithmic search are combined within process-systems
frameworks. 1 At the same time, recent application studies in industrial energy systems demonstrate that
nonlinear operational optimization is capable of linking fluctuating renewable supply, thermal storage, and
steam generation to either cost minimization or emissions minimization. 2

Within mechanical engineering systems, energy-efficiency optimization must be understood at three
interdependent levels. At the component level, the literature focuses on pumps, compressors, turbines, heat
exchangers, boilers, and motors, where losses can be reduced through changes in hardware, materials,
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tribology, and operating control. At the analytical level, classical mathematical programming methods remain
valuable because they are interpretable and constraint-aware, especially where the problem structure is well
defined. At the algorithmic level, metaheuristic methods are widely used when the solution space is nonlinear,
mixed-integer, multimodal, or multi-objective. A representative example is the recent study on water vapor
compression for chemical heat pumps, which found that an absorption-based steam compressor delivered the
highest exergetic efficiency under the required operating conditions, while also demonstrating the trade-off
between system complexity and performance. 5 Another recent review on combined thermal-mechanical
compression systems confirms that integrating thermal and mechanical cycles can broaden operating range,
improve efficiency, and reduce electrical demand and emissions. 3

This review is therefore framed as a multi-scale synthesis. It does not merely catalog methods; it compares
where each class of method works best, what performance gains are repeatedly reported, and where the
literature remains incomplete. The review window emphasizes the last five to six years for topical relevance,
while older seminal works are retained where needed to establish methodological continuity and interpret
present-day practice. In this respect, the paper aims to answer four questions: Which mechanical subsystems
have been most studied? Which optimization methods are most effective for each problem class? How do
analytical and metaheuristic approaches compare across application domains? And what are the principal
research lacunae that define the contribution to knowledge? Recent PSO-based mechanical optimization studies
suggest that hybrid and improved swarm methods can outperform conventional heuristics on constrained
design problems, reinforcing the importance of method selection as a function of problem structure rather than
algorithm popularity alone. 4

METHODOLOGY
Literature search strategy

The literature was sourced from Scopus, Web of Science, and Google Scholar, with emphasis on studies
published in the last five to six years. Seminal earlier works were included where they were essential for
methodological grounding or for explaining the historical evolution of the optimization class. Search terms
combined energy efficiency with mechanical engineering system names and optimization-method keywords,
including pumps, compressors, turbines, heat exchangers, boilers, motors, variable speed drives, advanced
materials, surface modification, lubrication, Linear Programming, Nonlinear Programming, Dynamic
Programming, Genetic Algorithm, Particle Swarm Optimization, Simulated Annealing, and Ant Colony
Optimization.

Inclusion and exclusion criteria
Studies were included if they:

addressed energy efficiency, exergy efficiency, or a closely related performance outcome;

involved a mechanical engineering system or a directly relevant energy system;

presented a physical intervention, a mathematical model, or a computational optimization method; and
4. reported interpretable results, comparative findings, or actionable engineering conclusions.

wNE

Studies were excluded if they were unrelated to optimization, lacked technical clarity, or did not provide
enough methodological detail to support comparison.

Study classification
The included studies were classified into three major groups:

o Component-level studies: system-specific interventions in pumps, compressors, turbines, heat
exchangers, boilers, and motors.

e Mathematical optimization studies: LP, NLP, DP, and related deterministic or inexact programming
approaches.

e Metaheuristic optimization studies: GA, PSO, SA, ACO, and hybrid variants.
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Evidence synthesis approach

The literature was interpreted comparatively rather than statistically pooled because the included studies
differ substantially in scale, objective functions, boundary conditions, and evaluation metrics. This is the
preferred approach for a review of heterogeneous mechanical systems, as it preserves technical specificity
while enabling cross-domain inference. Recent review literature in optimization-based process synthesis uses
the same logic: it emphasizes multi-scale modeling, sustainability objectives, and hybrid optimization tools
rather than relying on a single pooled effect estimate. 1 Representative case results were summarized in the
Results section and interpreted in the Discussion section.

CONCEPTUAL FRAMEWORK AND EVALUATION CRITERIA
Unified optimization workflow

This unified Optimization workflow iteratively begins with problem definition and model formulation,
followed by method selection, optimization execution, validation and sensitivity analysis, and implementation
with ongoing monitoring. Feedback loops indicate that validation outcomes may prompt refinement of the
model, assumptions, or optimization strategy. The figure is intended as a conceptual framework for structured
optimization rather than a representation of a specific dataset or algorithm

Figure 1. Unified Optimization Workflow

Figure 1. Unified Optimization Workflow
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The workflow highlights the iterative nature of optimization in mechanical systems. A solution is not
considered complete until it has been validated against physical constraints, robustness criteria, and
deployability requirements.
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Evaluation criteria

Table 1. Core evaluation criteria for the synthesis

Criterion Meaning in this review Engineering relevance

Energy reduction Lower input energy or specific energy|Primary efficiency indicator
use

Exergy efficiency Useful work relative to available energy |Captures irreversibility

Cost per unit output Cost normalized by output Economic viability

Emissions reduction Reduction in CO2, NOx, SOx, etc. Environmental performance

Quality retention Output  quality  preserved  after|Prevents efficiency gains from harming
optimization output

Reliability and|Performance stability under uncertainty |Industrial resilience

robustness

Computational Runtime, convergence, solver burden Practical feasibility

efficiency

Industrial deployability |Ease of implementation in real systems | Determines adoption

The synthesis was guided by a multidimensional evaluation framework encompassing energy reduction, exergy
efficiency, cost per unit output, emissions reduction, quality retention, reliability and robustness, computational
efficiency, and practicality of industrial deployment. This framework is essential because a mathematically
optimal solution may still be unattractive if it is costly to implement or unstable in operation.

Pareto frontier for energy-efficiency optimization
Figure 2. Conceptual Pareto Frontier for Energy Efficiency Optimization

The figure shows that energy-efficiency optimization is often a trade-off problem rather than a single-criterion
problem. The frontier contains solutions for which no objective can be improved without worsening at least
one other objective. This is especially important in mechanical engineering, where cost, reliability, and
emissions are frequently coupled.

Figure 2. Conceptual Pareto Frontier for
Energy Efficiency Optimization
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Pareto frontier = non-dominated solutions

This figure illustrates a conceptual Pareto frontier describing the trade-off between energy efficiency and
competing performance objectives in optimization problems. Solutions along the frontier represent non-
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dominated design alternatives, in which any further improvement in one objective would result in deterioration
of another. The figure is intended as a qualitative framework for decision-making in multi-objective
optimization rather than as a representation of a specific dataset or fitted model.3.4 Exergy-loss prioritization

Figure 3. Exergy-Loss Prioritization Schematic

This schematic illustrates a structured exergy-loss prioritization workflow, moving from system-boundary
analysis to component-level exergy destruction assessment, hotspot ranking, priority scoring, and selection of
targeted interventions. The diagram is intended as a conceptual framework for identifying and addressing
major sources of inefficiency, with iterative feedback enabling reassessment after implementation of design or
operational changes.

Figure 3. Exergy-Loss Prioritization Schematics
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The schematic emphasizes that optimization should first target the subsystems with the highest exergy
destruction, since those subsystems represent the largest opportunity for meaningful improvement at the plant
or system level.

COMPONENT-LEVEL ENERGY EFFICIENCY OPTIMIZATION
Pumps

Pump optimization typically aims to reduce throttling losses, align the operating point with the best-efficiency
region, minimize cavitation risk, and improve hydraulic matching. Variable speed control is often the most
effective practical intervention because it allows flow regulation without wasting energy across valves or
bypasses. In broader mechanical systems, pump efficiency also depends on impeller design, seal losses, and
surface condition. The literature consistently supports the view that physical design improvement and
operational control should be optimized together rather than separately.
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Compressors

Compressor systems are a central target of energy-efficiency optimization because compression work is highly
sensitive to pressure ratio, staging, intercooling, and part-load behavior. Mechanical compressors often exhibit
strong nonlinearity, making them a natural application for nonlinear programming or metaheuristic search. A
recent review of combined thermal-mechanical compression systems shows that integrating thermal and
mechanical compression can improve operating flexibility and energy performance, especially when waste heat
is available. 3 Likewise, the 2025 water-vapor compression study found that absorption-based compression
was the most exergetically efficient configuration among the compared steam-compression options. 5

Turbines

Turbine optimization focuses on blade geometry, tip clearance, cooling strategy, advanced materials, and
surface degradation control. Energy-efficiency gains are often linked to reduced aerodynamic and
thermodynamic losses, but practical implementation must also consider durability, thermal stress, and
manufacturability. The most successful turbine optimization studies typically combine physics-based modeling
with constrained search to avoid designs that are efficient but fragile.

Heat exchangers

Heat exchangers are optimized by reducing thermal resistance, managing fouling, lowering pressure drop, and
improving flow distribution. Enhanced surfaces, periodic cleaning schedules, and geometry optimization are
commonly used interventions. In practice, the optimal heat exchanger is not simply the one with the highest
heat-transfer coefficient; it is the one that provides the best balance between thermal performance, pumping
power, fouling tendency, and maintainability.

Boilers

Boiler optimization emphasizes combustion tuning, excess-air control, heat recovery, and emissions reduction.
Energy savings are often achieved by improving heat-transfer effectiveness and reducing stack losses.
However, boiler optimization must be judged on both energy and environmental grounds because efficiency
improvements are only meaningful if combustion stability and emission constraints are preserved. This is
consistent with broader industrial energy optimization literature, which increasingly combines cost
minimization with emissions minimization in a single model. 2

Motors and drives

Motor efficiency optimization typically relies on high-efficiency motor selection, variable-speed operation,
power-factor correction, and harmonic mitigation. In practice, much of the benefit comes from load matching:
motors should spend as little time as possible operating away from their efficient region. Drives are therefore
not merely electrical accessories; they are core optimization tools in the overall mechanical -energy system.

Practical optimization techniques
Variable speed drives

Variable speed drives are among the most effective practical efficiency tools because they directly reduce the
mismatch between demand and output. They are especially valuable in pumps, fans, compressors, and
conveyor systems. Their major advantage is that they provide energy savings without requiring radical
redesign.

Advanced materials

Advanced materials improve efficiency by reducing friction, increasing thermal tolerance, enhancing wear
resistance, and enabling lighter or more compact designs. In mechanical systems, material selection is often an
indirect energy-efficiency strategy because it lowers losses over the lifecycle rather than only at the design
point.
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Surface modification

Surface modification reduces friction, delays fouling, and improves heat transfer or wear behavior. It is
particularly effective in rotating systems, heat exchangers, and interfaces where boundary losses dominate.
Surface engineering should therefore be treated as a first-class optimization technique rather than a secondary
treatment.

Improved lubrication

Improved lubrication reduces friction and wear while improving reliability. It is especially important in
bearings, gears, turbines, and compressors. Because frictional losses accumulate continuously, lubrication
optimization often produces large lifecycle gains relative to its implementation cost.

MATHEMATICAL OPTIMIZATION TECHNIQUES

Linear Programming

Linear Programming remains valuable when the objective and constraints can be approximated as linear
relations. Its strength lies in interpretability, computational speed, and maturity of solvers. In energy planning
and scheduling, LP is especially attractive for resource allocation, capacity planning, and operational
sequencing. Classical energy systems literature used LP extensively for planning and policy modeling because
it is transparent and scalable. [reference-driven background consistent with [15], [16], [23]]

Nonlinear Programming

Nonlinear Programming is required when the underlying physics is non-linear, which is common in thermal
systems, rotating machines, and part-load operation. Recent industrial optimization work illustrates this clearly:
in a multi-component power-to-heat system, nonlinear surrogate models and an interior-point solver were used
to determine cost-optimal or emissions-optimal operation under renewable intermittency. 2 NLP is therefore
the preferred class when the physics is realistic enough to justify nonlinearity and when the constraints can still
be expressed in a numerically tractable form.

Dynamic Programming

Dynamic Programming is suited to sequential decisions, time-coupled operation, and systems with storage or
state evolution. It is particularly helpful when the control decision at one stage affects future feasibility or cost.
In energy systems, DP is valuable for scheduling, reservoir management, and hybrid supply operation. The key
advantage is that it handles temporal coupling explicitly rather than treating each time step independently.

Applications and performance comparisons

Classical methods generally outperform heuristics when the problem is linear, convex, or otherwise well
structured. However, as nonlinearity, discreteness, and multiple objectives increase, deterministic methods
become harder to solve globally or may require strong simplifications. This is why practical optimization often
uses hybrid workflows: a deterministic core model provides structure, while a metaheuristic or surrogate model
handles the difficult parts of the search space. Recent optimization studies in process synthesis and energy
systems make the same point, emphasizing the importance of hybrid modeling, surrogates, and operability-
aware objectives. 1

METAHEURISTIC OPTIMIZATION METHODS
Genetic Algorithm (GA)

Genetic Algorithms are widely used for engineering optimization because they handle mixed-variable,
multimodal, and multi-objective problems naturally. Their key advantage is flexibility; their main limitation is
that convergence may be slow and parameter tuning can be nontrivial. GA remains especially useful when
design variables are discrete or categorical.
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Particle Swarm Optimization (PSO)

PSO is one of the most popular engineering optimizers because of its simple structure, low implementation
burden, and robust search behavior. A 2016 study on mechanical engineering optimization problems reported
that an improved accelerated PSO variant outperformed several recent metaheuristics in accuracy and
convergence speed across six benchmark design problems. 4 More recent PSO-based studies continue this
trend: a rapid-convergent PSO framework for multiscale seawater reverse osmosis design improved average
optimum quality, reduced variance across runs, cut energy consumption by 9%, and improved water production
efficiency by 30%. 6 PSO therefore remains a strong baseline when the problem is nonconvex, nonlinear, and
practically constrained.

Simulated Annealing (SA)

Simulated Annealing is effective when the objective landscape contains many local minima and when a
controlled willingness to accept inferior moves is desirable. SA is often slower than PSO or GA but can be
robust in discrete search spaces. In mechanical engineering, it is most useful in problems with combinatorial
structure or where global search is more important than rapid convergence.

Ant Colony Optimization (ACO)

ACO is particularly suitable for sequence, routing, and network problems. Its relevance to mechanical
engineering is strongest in scheduling, layout, and distributed network design. It is often best used as part of a
hybrid workflow rather than as a standalone method.

Hybrid and surrogate-assisted methods

The modern trend is toward hybridization: GA-PSO, PSO-SA, PSO with local search, and surrogate-assisted
optimization. These methods are attractive because they preserve global exploration while improving
convergence near the optimum. Recent multiscale optimization literature supports this direction, showing that
surrogate models and fast-convergent PSO can dramatically reduce computational burden while retaining
solution quality. 6 More broadly, contemporary process-systems research emphasizes the integration of
mechanistic and data-driven models for exactly this reason. 1

COMPARATIVE DISCUSSION AND LACUNAE

The comparison across component-level, analytical, and metaheuristic approaches shows three consistent
patterns. First, component-level interventions such as variable speed drives, lubrication improvement, and
surface modification are most effective when the dominant loss mechanism is clearly identified and
controllable. Second, mathematical optimization is strongest when the physics and constraints can be
expressed explicitly and solved efficiently. Third, metaheuristic optimization is most useful when the search
space is nonconvex, discrete, or multi-objective.

The literature also reveals several lacunae. One major gap is the fragmentation between physical and
computational studies: component-level improvement papers often do not integrate optimization theory, while
algorithm papers often abstract away the underlying machinery. A second gap is the lack of consistent
benchmarking across mechanical domains. Many studies report energy savings or exergy improvement but
omit cost, maintainability, robustness, or deployment constraints. A third gap is the limited treatment of
uncertainty and lifecycle performance. Recent process-systems reviews increasingly emphasize operability,
sustainability, and integration with data-driven models, suggesting that future mechanical-engineering
optimization should do the same. 1 A fourth gap is the overreliance on single-objective optimization, even
though real systems require compromise solutions that balance energy, cost, emissions, and robustness.

A particularly clear illustration of the importance of problem structure comes from recent evidence. In the
mechanical-steam-compression study, the highest exergetic efficiency was obtained with an absorption-based
compressor, but the system’s value depended on the broader compression chain and component effectiveness.
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5 In the industrial power-to-heat case, optimal operation depended on fluctuating wind power, electricity
prices, and the nonlinear behavior of the heat pump and thermal storage. 2 In the PSO literature, improved
algorithms can outperform baseline methods, but the benefit is strongest when the method is matched to the
problem’s constraints and geometry. 46 The conclusion is that optimization success is conditional, not
universal.

PROPOSED ENGINEERING FRAMEWORK

The proposed framework recommends selecting the optimization strategy based on four decision variables:
system complexity, objective structure, data availability, and deployment constraint severity. If the
problem is structured and approximately linear, LP or related deterministic methods should be preferred. If the
system is nonlinear but well characterized, NLP is appropriate. If the decision process is time-coupled, DP is
preferable. If the search space is discrete, nonconvex, or multi-objective, GA, PSO, SA, or hybrid approaches
should be used. Where simulation cost is high, surrogate models and active-subspace methods should be
introduced to reduce the computational burden. Recent review literature on optimization-based process
synthesis and multiscale modeling strongly supports this layered strategy. 1

Figure 4. Decision map for method selection

Decision Map for Method Selection

Conceptual guide

Is the model explicit

and linear?
Nonlinear programming /
7 gradient-based methods N
g Metaheuretics /
Linear programming ||__|| Is the model black-box || . surrogae-assisted
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Pareto optimization

X

o R
Is the model explicit ||_.J[ Surroggate models / -1
but nonlinear? Bayesian optimization }

Dynamic programming
/model predidtive control |

K"’.A.

Decision Map for Method Selection

This decision map provides a conceptual framework for selecting an optimization method according to
problem structure in energy-efficiency optimization of mechanical engineering systems. The recommended
approach depends primarily on whether the model is explicit or black-box, linear or nonlinear, static or time-
coupled, and single-objective or multi-objective. Linear programming and analytical methods are most
appropriate for explicit linear formulations, whereas nonlinear programming and gradient-based methods are
better suited to explicit nonlinear problems. For black-box or simulation-based problems, metaheuristics and
surrogate-assisted optimization are often preferred. Dynamic programming and model predictive control are
indicated for temporally coupled systems, while multi-objective methods such as NSGA-II and Pareto
optimization are appropriate when competing objectives must be balanced. If evaluation is computationally
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expensive, surrogate models and Bayesian optimization may offer improved efficiency. This map is intended
as a qualitative guide rather than a prescriptive rule, since the optimal method also depends on constraint
complexity, data availability, robustness requirements and computational budget.

REPRESENTATIVE RESULTS AND COMPARATIVE SUMMARY

Table 2. Representative findings from recent studies

Study System / scope Method Key result

Waldenetal. 2 | Industrial — power-to-heat | Nonlinear  surrogate- | Cost or emissions could be
with HTHP, TES, and | based optimization minimized under fluctuating
wind renewable supply

Armatis et al. | Chemical heat pump | Comparative Absorption-based steam

5 water-vapor compression | thermomechanical compression showed the highest

modeling exergetic efficiency

Kilig 3 Combined thermal— | Review synthesis Combined cycles improve
mechanical cooling flexibility, range, and energy
systems performance

Ben Guedria 4 | Mechanical engineering | Improved accelerated | Improved accuracy and
benchmark problems PSO convergence Versus several

metaheuristics
Multiscale Seawater reverse osmosis | Rapid-convergent PSO | 9% lower energy use, 30% higher
PSO study 6 design water production efficiency

This comparative synthesis shows that the largest gains often come from combining physical improvement
with computational optimization, rather than relying on either one alone. It also shows that performance
claims should be interpreted with the objective function in mind: a method that improves energy use may not
simultaneously optimize cost or robustness.

Figure 5. Schematic performance graph

Figure 5. Schematic Performance Graph
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This schematic illustrates the typical trajectory of performance improvement during optimization, showing an
initial baseline, a rapid improvement phase, and a subsequent stabilization or plateau region. It is intended as a
conceptual representation of optimization behavior rather than a quantitative result, and thus does not
correspond to a specific dataset or fitted model. The shape of the curve may vary depending on the
optimization strategy, system complexity, constraint structure, and convergence characteristics.

CONCLUSIONS

Energy-efficiency optimization in mechanical engineering systems is best understood as a multi-scale problem
spanning component design, operating-condition tuning, and algorithmic search. At the physical level, variable
speed drives, advanced materials, surface modification, and improved lubrication remain foundational tools for
lowering losses. At the analytical level, LP, NLP, and DP are valuable when the system structure is sufficiently
explicit and the constraints are well defined. At the computational level, GA, PSO, SA, and ACO provide
flexible search capabilities for nonlinear, discrete, and multi-objective problems. Recent evidence shows that
the most effective solutions emerge when physical interventions are coupled with appropriate mathematical
and metaheuristic methods rather than treated in isolation. 234651

The principal contribution of this review is the identification of a unified engineering framework for method
selection and comparison. The major lacunae are fragmented literature, weak benchmarking, limited
deployment analysis, and insufficient integration of robustness and lifecycle criteria. Closing these gaps will
require more cross-domain comparisons, stronger reporting standards, and greater use of hybrid, surrogate-
assisted, and operability-aware optimization frameworks.
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