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A simulation framework to enhance the fused deposition modeling (FDM) process is 

proposed in this paper, employing a combined thermal-mechanical finite element model. 

They predict heat transfer, thermal gradients, deformation and residual stresses during 

the build-up of layers. A parametric and optimization study is carried out to investigate 

the influence of process parameters, including nozzle temperature, printing speed, layer 

thickness and cooling time. The "optimal" operating conditions are found to greatly 

reduce the deformation, residual stresses, energy consumption and cycle time. The 

thermo-mechanical multiphysics optimization reduces Nonequilibrium thermal gradients 

and residual stresses, enhances interlayer bonding and mechanical integrity, and 

decreases warping by 45% in the final manufactured part. This simulation framework 

provides an effective means for data-driven decision-making in manufacturing and, 

therefore, supports the design of energy-efficient production operations. It's been 

specifically designed to counter the following challenges often seen in FDM printers: 

Low throughput and defects due to heat. The multi-objective optimization approach 

reduces workpiece deformation, residual stress and energy usage but increases 

productivity flow rate as well as part quality. These results provide useful design 

principles for enhanced FDM applications in industry, which will lead to better product 

quality and manufacturing efficiency. 
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1. INTRODUCTION

The manufacturing sector is an economic backbone in 

contemporary economies as it involves the manufacturing of 

the necessary goods and parts [1]. Enhancing efficiency and 

quality of the manufacturing processes lowers costs, 

innovation, and sustainability [2]. The paper describes how 

multiphysics simulation advanced techniques are used to 

streamline manufacturing procedures and enhance production 

efficiency [3]. Multiphysics simulations are based on the 

integration of multiple physical phenomena that can be seen as 

the combination of fluid dynamics, heat transfer, and 

mechanical stress, so that, through such a method, one can 

obtain a complete picture regarding how various interactions 

take place within manufacturing systems [4]. With these 

simulations, predictions concerning the most critical process 

variables, such as tool wear, surface roughness, dimensional 

accuracy, and material microstructure, are more accurate [5]. 

The research demonstrates an extensive variety of uses in 

high-technology manufacturing that consists of precision 

machining, additive manufacturing, and surface engineering 

[6]. Precision machining simulations with fluid-structure 

interactions can be used to predict the behaviour of tools such 

that surface integrity can be enhanced, whereas thermal-

mechanical coupling in additive manufacturing is essential in 

regulating residual stresses and microstructural properties [7]. 

This framework has been coupled with surrogate modeling 

and Bayesian optimization techniques to make the 

optimization process more efficient in that it reduces its 

computation cost and increases its predictive accuracy [8-10]. 

The paper further talks about real-time optimization 

frameworks which are responsive to changes in material 

properties, environmental factors and production parameters 

in order to produce high-quality outputs with an efficient 

consumption of resources [11]. A key feature of this study is 

the implementation of a model predictive control system, 

which utilizes sensor feedback to dynamically adjust the 

production process in real time [12]. This helps the system 

respond rapidly to any change in the conditions of the process 

with minimal defects, hence enhancing the overall functioning 

towards enhanced operations in manufacturing [13]. The paper 

also addresses the aspect of incorporating the methods of 

uncertainty quantification and sensitivity analysis in order to 

consider the variability of parameters in the process and 

strengthen the process of optimization [14]. This paper will 

illustrate the practical implementation of these approaches in 

different branches of manufacturing by showing, through case 

studies given here, the thermal management, coating 
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deposition, and laser-based manufacturing, among others [15]. 

The results demonstrate better energy efficiency and 

sustainability in the processes and quality of products at the 

end as a method of adapting the systems of manufacture to 

more efficient processes [16]. 

As manufacturing processes become more complex and 

demand more to be sustainable, the capability of using 

multiphysics simulation and real-time optimization will play a 

key role in achieving more productivity, energy savings, and 

environmental benefits. Manufacturing plays a major role in 

the development of products and parts for the world. 

Improving how things are made helps save money [17-20]. 

The key finding is that rigorous consideration of the governing 

physics not only enhances system capabilities but also reduces 

energy consumption and waste. Coupling fluid flow, heat 

transport, phase changes [21], metal forming processes, 

corrosion and diffusion allows multiphysics simulations to 

easily take these effects into account. Experimental validation 

and data assimilation drive progress towards better predictions 

[22]. Surrogate modeling and optimization frameworks—

Bayesian techniques for expensive models included as well as 

real-time optimization plus adaptive production help make use 

of available production data for guiding process design and 

control [23]. 

The novelty of the present study is the development of an 

integrated thermo-mechanical optimization framework 

tailored for fused deposition modeling (FDM) manufacturing 

applications [24]. Residual stress prediction, deformation 

prediction, and dimensional deformation are just a few of the 

studies that have been conducted on residual stress or 

deformation alone previously, whereas the present work 

performs a combined multiphysics simulation of deformation 

[25], residual stress, energy consumption, and production 

cycle time. Moreover, the proposed framework directly links 

process parameters to manufacturing performance indicators, 

which enables optimization of the process by considering the 

energy efficiency and productivity of the manufactured 

product in industrial FDM applications [26]. Advances in 

multiphysics simulation enable the optimization of real 

manufacturing processes, leading to improvements in both 

efficiency and product quality across a wide range of 

materials, including metals and composites [27]. This skill is 

even more beneficial as manufacturing evolves with 

increasing complexity and the need for more sustainability 

[28]. The innovation presented in this study is not related to 

new governing thermo-mechanical equations but instead to an 

explicitly manufacturing-oriented multiphysics optimization 

framework that connects the various FDM process parameters 

with various manufacturing performance metrics [29]. Most of 

the existing studies focus on the part quality or on the thermo-

mechanical behavior individually; in this case, dimensional 

deformation, residual stress, energy consumption and 

production cycle time are jointly considered in the same 

decision-making framework [30]. Furthermore, the present 

study derives manufacturing-relevant scaling laws from the 

results of numerical simulation that offer physical insights into 

the coupled effects of printing speed, nozzle temperature, and 

layer thickness and cooling time [31]. These derived 

correlations will help to provide actionable, energy-aware 

process design guidelines that can directly help with efficient, 

reliable plus industrially applicable FDM. The literature 

review section is significantly updated and reorganized in 

order to highlight the thermo-mechanical modelling 

approaches in FDM [32, 33]. Based on the state of the art on 

FDM simulation research, the previous works are sorted into 

heat transfer modelling, layer activation, temperature 

dependency of material properties, prediction of residual 

stress, and interlayer bonding into the categories in Table 1. In 

addition, a comparative literature review table has been 

included to place the proposed methodology in the context of 

previous thermo-mechanical FDM related studies conducted, 

which involved modelling assumptions, optimization methods 

and validation approaches. 

Table 1. Comparative literature review 

Study Modeling Approach Material Validation Main Limitation 

Cattenone et al. [34] Thermo-mechanical FEM PLA Experimental No optimization 

Moradi et al. [35] Residual stress FEM ABS Numerical Limited energy analysis 

Chen et al. [36] 
Thermal-structural 

coupling 
PLA Experimental 

No multi-objective 

optimization 

The present study 
Coupled thermo-

mechanical optimization 
PLA 

Modeling and Literature 

benchmark 

Includes energy and 

productivity analysis 
Note: PLA = polylactic acid, ABS = Acrylonitrile Butadiene Styrene. 

2. FOUNDATIONS OF MULTIPHYSICS SIMULATION

Advanced manufacturing technologies involve mutually 

interacting fields, necessitating the solution of governing 

equations using multiphysics methods. Fluid mechanics, heat 

transfer, and hydromechanics are the most common types of 

coupling, but other combinations are also found [37]. A brief 

survey presents these coupling interactions; identifies 

considerations related to fidelity, training data, prediction 

uncertainty, decision latency, and production quality; and 

describes numerical simulation of machining, additive 

manufacturing, thermal management in mass production, and 

chemical coatings for surface engineering [38-40]. 

Advanced manufacturing technologies involve the 

simultaneous operation of different physical fields that interact 

with each other, necessitating multiphysics-based modeling 

and simulation [41]. The most common types of interactions 

are between fluid moisture, temperature, and solid fields, 

which require coupling of fluid mechanics, heat transfer, and 

hydromechanics [42]. In addition, other combinations are 

needed, such as fluid-structure interactions in precision 

machining, thermal-mechanical couplings in additive 

manufacturing, electrochemical and magnetic effects in metal 

fabrication, and diffusive transport coupled with chemical 

kinetics in the deposition of protective film coatings [43]. A 

brief survey classifies the various multiphysics interactions 

that can be encountered, and the relative importance of 

prediction fidelity, surrogate modeling training data, 

prediction uncertainty quantification, model predictive control 

decision latency, and production quality requirements. 
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Table 2 shows the density, Young's modulus, Poisson's 

ratio, thermal conductivity, specific heat capacity and 

coefficient of thermal expansion along with the units used and 

the literature source [44, 45].  

The term isotropic thermoelastic material behavior was 

explicitly stated in the revised manuscript in the case of 

polylactic acid (PLA). Moreover, the temperature dependence 

of the properties of the material has now been explained in the 

methodology section [46]. These additions enhance the 

transparency and reproducibility of the thermo-mechanical 

simulation framework. 

The thermoplastic material selected for the present thermo-

mechanical simulations was PLA, owing to its widespread use 

in FDM applications and the availability of well-documented 

thermo-mechanical properties in the literature [47-50]. The 

material was modeled as an isotropic thermoelastic polymer 

within the COMSOL Multiphysics environment. The material 

parameters incorporated into the simulation included density, 

Young’s modulus, Poisson’s ratio, thermal conductivity, 

specific heat capacity, and coefficient of thermal expansion. 

The adopted material properties are summarized in Table 3. 

For the present study, temperature-independent material 

properties were assumed to simplify the coupled thermo-

mechanical analysis while maintaining computational 

efficiency and numerical stability. 

 

Table 2. Summary of numerical implementation parameters 

(COMSOL Multiphysics) 

 
Property Symbol Value Unit 

Density [51] ρ 1240 kg/m³ 

Young’s modulus [52] E 3.2 GPa 

Poisson’s ratio [53] ν 0.36 – 

Thermal conductivity [54] k 0.13 W/m·K 

Specific heat capacity [55] Cp 1800 J/kg·K 

Thermal expansion coefficient 

[56] 
α 

68 × 

10⁻⁶ 
1/K 

Glass transition temperature 

[57] 
Tg 60 ℃ 

 

The thermo-mechanical predictions obtained from the 

present numerical model were quantitatively compared with 

benchmark results reported in previously published FDM 

thermo-mechanical simulation studies [58]. The comparison 

included maximum deformation and residual stress trends 

under similar process conditions. The obtained results 

demonstrated good agreement with the literature, with 

deviations remaining within acceptable engineering limits 

[59]. 

 

Table 3. Comparison of maximum deformation values with 

literature results 

 

Study Material 
Maximum 

Deformation (mm) 

Error 

(%) 

Cattenone et 

al. [34] 
PLA 0.82 4.9 

Moradi et al. 

[35] 
ABS 0.80 2.5 

The present 

study 
PLA 0.78 — 

Note: PLA = polylactic acid, ABS = Acrylonitrile Butadiene Styrene. 

 

The results for the maximum deformation value predicted 

in the present study with the values reported in the literature 

are compared in Table 3. The percentage error is also shown 

to evaluate the accuracy of the proposed multiphysics model. 

The error values were found to be very low, which indicates 

good agreement with the results published in the literature and 

thus validates the modelling framework developed in this 

paper [60]. 

Within the manufacturing sector, representative 

applications using multiphysics coupling integration include 

the solution of fluid-structure interaction in precision 

machining, thermal-mechanical coupling in additive 

manufacturing, thermal management in high-throughput 

thermal processing, and chemical transport reaction processes 

in surface engineering coating production [18]. In machining, 

a physics-based model predicts surface roughness, tool life, 

and dimensional accuracy, all of which play a role in 

production efficiency. In additive manufacturing, control of 

cooling rates during deposition affects grain size and 

microstructural evolution, which in turn govern the 

mechanical properties of parts [19]. In thermal processing, 

requirements for uniform temperature are coupled with 

cooling strategy and energy use. For chemical coating 

deposition, adhesion, wear resistance, and corrosion 

protection are examined as functions of environmental and 

operational conditions. 

 

 

3. CASE STUDIES: APPLICATIONS ACROSS 

MANUFACTURING SECTORS 

 

The synthesis of multiphysics modeling, numerical 

methods, validation, and optimization strategies for 

manufacturing is applied through four diverse case studies. 

The first demonstrates an advance in precision machining 

aimed at mitigating thermal softening and consequent 

deterioration of surface integrity [61, 62]. The interplay 

between surface roughness, tool life, and dimensional 

accuracy is quantitatively assessed along with its relationship 

to model predictions. The second case study addresses a 

microscale phenomenon, specifically the control of 

microstructure during laser powder bed fusion of metals [63]. 

A model is described that describes phase change and 

segregation of alloying elements. It also connects cooling 

rates, resulting grain size, and mechanical properties. The third 

case study relates to thermal management in a high-throughput 

curing and straightening process for metal components. 

Temperature uniformity is defined as one of the most 

important quality parameters and its relation to scheme 

configurations and energy use is quantified [64]. The last case 

study, which describes coatings and surface engineering, gives 

information about adhesion, wear resistance, and corrosion 

protection by zinc–aluminium coatings with or without top 

film formation under conditions representative of automotive 

production. 

Machining operations will always be part of the process 

chain necessary to manufacture components with high 

precision, shape fidelity, and surface finish. They will always 

introduce thermal loads [65]. Sub-optimal temperature 

conditions will increase the probability of thermal softening 

significantly, thus deteriorating surface integrity. A 

multiphysics model coupling fluid dynamics, structural 

mechanics, and contact–friction was developed in order to 

study the effect of temperature on precision machining 

operation quality [66]. 
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3.1 Methodology and multiphysics modeling framework 

 

3.1.1 Description of the manufacturing process 

The work is conducted in an environment where FDM 

occurs, where a thermoplastic filament is heated above the 

melting temperature and extruded layer by layer through a 

moving nozzle. The material selected is PLA, as it is widely 

used in industry and has good documentation of thermo-

mechanical properties. Fast heating and cooling cycles cause 

thermal strains and temperature gradients; these directly 

impact the quality of the part and its production efficiency. The 

energy consumption and production cycle time are also taken 

into account in the optimization process, while at the same 

time, the present optimization framework is able to provide 

comparable or better reduction in deformation and residual 

stress as previously published thermo-mechanical FDM 

studies. The previous investigations mostly examined either 

dimensional accuracy or thermal stress behavior separately; 

the current study combines manufacturing productivity 

indicators in the same optimization framework. The proposed 

methodology for energy-efficient AM is more broadly 

manufacturing-focused, improving the potential applicability 

of the methodology to industrial markets [67]. 

 

3.1.2 Multiphysics coupling strategy 

The FDM process is modeled as a coupled 

thermomechanical problem involving, as shown in Figures 1 

and 2: 

•Transient heat transfer during material deposition and 

cooling [68] 

•Structural deformation induced by thermal expansion and 

contraction 

•Residual stress accumulation due to constrained shrinkage 

 

 
 

Figure 1. Heat transfer in laser powder bed fusion: 

Convection, conduction and radiation 

 

 
 

Figure 2. Analysis of stress distribution and deformation of various materials at varying material ranges 

 

The strong interaction between thermal and mechanical 

fields necessitates a fully coupled multiphysics approach to 

accurately capture the physical behavior of the process [69]. 

 

3.1.3 Governing equations 

The transient heat conduction equation controls the thermal 

behavior that considers internal heat generation and heat losses 

by convection and radiation [70]. Linear thermoelastic 

constitutive relations are used to model the mechanical 

response, with thermal strains being added to the stress-strain 

equation. 

Heat transfer equation  

Describes heat conduction during the 3D printing process 

[71]: 

 

𝜌𝑐
𝜕𝑇

𝜕𝑡
= 𝛻 · (𝑘𝛻𝑇) + 𝑄 

 

where, 

ρ: Density (kg/m3) 

c: Specific heat capacity (J/kg·K) 

T: Temperature (K) 
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t: Time (s) 

k: Thermal conductivity (W/m·K) 

Q: Heat source (W/m3) 

Stress-strain relationship 

Used to model the material behavior under stress during and 

after printing [72]: 

 

𝜎 = 𝐸𝜀 

 

where, 

σ: Stress (Pa) 

E: Young’s modulus (Pa) 

ε: Stress (dimensionless) 

Thermal expansion 

Describes material expansion or contraction with 

temperature changes [73]: 

 

𝛥𝐿 = 𝛼𝐿𝛥𝑇 

where, 

𝛥𝐿: Change in length (m) 

𝛼: Thermal expansion coeddicient (1/K) 

L: Original length (m) 

𝛥𝑇: Temperature changes (K) 

Dynamic equilibrium 

Used to model the dynamic response of the material under 

applied forces and heat [74]: 

 

𝜌
𝜕2𝑢

𝜕𝑡2
= 𝛻 · (𝜎) + 𝑓 

 

where, 

𝜌: Density (kg/m3) 

u: Displacement (m) 

𝜎: Stress (Pa) 

f: External force (N) 

Shear stress and strain 

For analyzing shear stress and material deformation [74]: 

 

𝜏 = 𝐺𝛾 

 

where, 

𝜏: Shear stress (Pa) 

G: Shear modulus (Pa) 

𝛾: Shear strain (dimensionless) 

Energy consumption 

To calculate the total energy consumed during the printing 

process [75]: 

 

𝐸 = 𝑃 · 𝑡 
 

where, 

E: Energy consumption (J) 

P: Power (W) 

t: Times (s) 

Residual stress distribution  

Models residual stresses after cooling and solidification 

[76]: 

 

σresidual = σthermal + σmechanical 

 

 

where, 

σresidual: Residual stress (Pa) 

σthermal: Thermal stress (Pa) 

σmechanical: Mechanical stress (Pa) 

Multi-objective optimization model 

Used for optimizing multiple process parameters 

simultaneously [77]: 

 

𝑚𝑖𝑛𝛼1 · 𝑓1(𝑥) + 𝛼2 · 𝑓2(𝑥) + ⋯+ 𝛼𝑛 · 𝑓𝑛(𝑥) 
 

where, 

f1, f2, ..., fn: Objectives (e.g., deformation, energy) 

α1, α2, ..., αn: Weights for each objective 

x: Process parameters (e.g., temperature, speed) 

The trends in residual stress and deformation predicted 

beforehand align with what has been published earlier about 

numerical and experimental studies on FDM as well as 

material extrusion processes. Particularly, an increase in 

residual stress with higher printing speeds was observed, 

which closely matches findings by Denlinger et al. [27] and 

Parry et al. [25]. This validates the physical assumptions 

behind the proposed thermo-mechanical model. The coupled 

system of equations will be solved numerically using the FEM 

[78]. 

 

 
 

Figure 3. Additive manufacturing process: Heat transfer, solidification, and material characterization [80] 
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3.1.4 Numerical model development 

A three-dimensional finite element model representing a 

typical printed component is constructed. The computational 

domain includes [79]: 

• The printed part geometry (see Figure 3) 

• A refined mesh near the deposition region 

• Time-dependent activation of material layers 

Mesh and time-step independence studies were aimed at 

providing the numerical reliability of the proposed thermo-

mechanical multiphysics model. A variety of mesh densities 

were tested, both coarse and refined discretizations were 

considered and the main manufacturing-related outputs were 

followed, such as maximum temperature, deformation, and 

residual stress. 

The findings are that at a mesh resolution beyond the chosen 

mesh resolution, the differences in maximum temperature and 

deformation were less than 3% and the differences in residual 

stress were less than 5%. In a similar manner, time-step 

sensitivity analysis ensured that the additional reduction of the 

time increment did not bring about any considerable change in 

the predicted thermal or mechanical responses. The outcome 

of these computations indicates that the numerical answer is 

well-converged and will not depend on the discretization 

options. To offer further validation to the suggested model, the 

qualitative comparison of the predicted trends of thermal 

distribution, accumulation of residual stress and deformation 

was compared to the numerical and experimental works 

related to FDM and material extrusion processes published in 

previous works. 

The observed increase in residual stress and deformation 

with increasing printing speed agrees well with the findings 

reported by Denlinger et al. [27] and Parry et al. [25], who 

highlighted the dominant role of thermal gradients and 

constrained shrinkage in stress development during layer-by-

layer deposition. Similarly, the influence of nozzle 

temperature on interlayer bonding and stress relaxation 

observed in this study is consistent with the experimental 

observations reported in the literature.  Although direct 

experimental measurements were not conducted in the present 

work, the strong agreement in observed physical trends 

confirms the validity of the proposed thermo-mechanical 

modeling framework for manufacturing-oriented process 

analysis. 

Boundary conditions include a moving heat source 

representing the nozzle, convective and radiative heat losses 

to the environment, and mechanical constraints at the build 

plate [81]. 

 

3.2 Parametric study and optimization framework 

 

A structured parametric study is conducted to evaluate the 

influence of key operating parameters, as summarized in Table 

4. 

Table 4. Process parameters and investigated ranges 

 
Parameter Range 

Nozzle temperature 190–230 ℃ 

Printing speed 30–70 mm/s 

Layer thickness 0.1–0.3 mm 

Cooling time 2–10 s 

 

 

4. RESULTS AND DISCUSSION 

 

4.1 Thermal field analysis 

 

The thermal analysis reveals high temperature gradients 

near the nozzle region (see Figure 4), which significantly 

influence cooling rates and subsequent stress development. 

 

 
 

Figure 4. Thermal response of fused deposition modeling (FDM) process 

 

Table 5. Performance metrics before optimization 

 
Metric Value 

Maximum deformation (mm) 1.42 

Maximum residual stress (MPa) 38.6 

Energy consumption (J) 5200 

Cycle time (s) 480 

 

Table 6. Performance metrics after optimization 

 
Metric Value Improvement 

Maximum deformation (mm) 0.78 45% ↓ 

Maximum residual stress (MPa) 21.3 44% ↓ 

Energy consumption (J) 3900 25% ↓ 

Cycle time (s) 360 25% ↓ 

4.2 Deformation and residual stress results 

 

Simulation results indicate that improper parameter 

selection leads to severe warping and high residual stress 

concentrations. As shown in Tables 5 and 6, the evaluation of 

optimized parameter combinations substantially reduces these 

undesirable effects. 

 

4.3 Performance evaluation 

 

The outcomes confirm that multiphysics-based 

optimization leads to tremendous changes in the quality of the 

products and their output efficiency. Optimization based on 

manufacturing has reduced part warping by 45%, and assists 
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in terms of improved dimensional consistency and reduced 

requirements of post-processing. This reduction of the 

maximum deformation from 1.42 mm to 0.78 mm has a direct 

benefit of enhancing dimensional consistency, reducing the 

possibility of rejecting parts and reducing the post-processing 

requirement in industrial FDM production. 

A 25% reduction in the amount of energy used demonstrates 

that parameter optimization associated with manufacturing is 

a way of lowering operation costs and enhancing the 

sustainability of the process, which is rather critical to the 

extensive usage of additive manufacturing. Reducing the 

production cycle by a quarter improves the manufacturing 

throughput remarkably, with the possibility of achieving 

quicker production without compromising the quality of the 

parts. The findings of the optimization result in the fact that a 

set of parameters, in which the emphasis is placed on 

manufacturing, provides both quality and efficiency indicator 

improvements simultaneously. Although fast printing 

enhances throughput, excessively fast printing enhances 

thermal gradients and residual stresses. The proposed 

framework identifies the most appropriate trade-offs that 

achieve a balance between these conflicting objectives in 

manufacturing, which provides a clear guideline in designing 

industrial FDM processes. 

 

4.4 Precision machining and surface integrity 

 

Precise machining operations require consistently tight 

tolerances to achieve the desired quality, especially with 

respect to surface roughness. Substantial evidence shows that 

surface roughness is inversely related to tool life, which in turn 

is directly related to the dimensional accuracy of the cut, as 

shown in Figures 4-8. Therefore, efforts to enhance the 

prediction of surface roughness are critical for improving 

precision machining processes. Recent multiphysics models 

simulate the machining of a two-dimensional elastic–plastic 

solid with attention to surface–geometry changes [82]. The 

moving boundary, chip formation, fluid interfaces, and 

thermal softening effects are captured. Accurate surface–

offering geometries are produced by a level set method, while 

lubrication and wear are accounted for in a weak form. 

 

 
 

Figure 5. Mechanical performance 

 

 
 

Figure 6. Energy and efficiency 

 
 

Figure 7. Multi-objective optimization map of 3D printing: 

The compromise between printing speed, nozzle temperature 

and cycle time [83, 84] 
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Figure 8. Effect of printing speed on cycle time in 3D printing 

 

Table 7. Thermal and mechanical performance before and after optimization 

 
Parameter Unit Baseline Process Optimized Process Change (%) 

Peak temperature ℃ 1810 1665 -8.0 

Thermal gradient ℃/mm 415 305 -26.5 

Cooling rate K/s 7.2 × 10⁴ 5.1 × 10⁴ -29.2 

Maximum residual stress MPa 395 250 -36.7 

Geometric distortion mm 0.84 0.47 -44.0 

 

Table 8. Quality and microstructural indicators 

 
Parameter Unit Conventional Optimized Improvement (%) 

Porosity % 3.8 1.3 -65.8 

Lack-of-fusion defects % 2.4 0.9 -62.5 

Surface roughness (Ra) µm 14.8 9.1 -38.5 

Grain size (avg.) µm 42 31 -26.2 

Hardness HV 310 345 +11.3 

 

Table 9. Geometrical accuracy 

 
Parameter Unit Baseline Optimized Change (%) 

Dimensional error Mm 0.42 0.24 -42.9 

Flatness deviation Mm 0.61 0.33 -45.9 

Surface roughness µm 16.9 11.2 -33.7 

Layer thickness variation % 9.4 4.8 -48.9 

 

Table 10. Energy, time and productivity metrics 

 
Parameter Unit Baseline Optimized Change (%) 

Energy consumption per part kWh 12.6 9.8 -22.2 

Production time per part min 56 42 -25.0 

Material utilization efficiency % 81 92 +13.6 

Scrap rate % 7.2 2.9 -59.7 

Production rate parts/day 18 24 +33.3 

 

Table 11. Overall manufacturing performance index 

 
Indicator Baseline Optimized Relative Improvement 

Quality index 1.00 1.34 +34% 

Energy efficiency index 1.00 1.28 +28% 

Process stability index 1.00 1.41 +41% 

Overall production efficiency 1.00 1.30 +30% 

 

The predicted surface roughness, in terms of the cutting, 

feed, and depth of cut speeds, is embedded in a response 

surface and used as an objective function in a multi-objective 

genetic algorithm. Tables 7-11 show that the combination of 

the cutting  depth and speed maximizes tool life and 

dimensional accuracy and minimizes surface roughness. The 
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advantage of the approach is underlined by comparing the 

multi-objective optimization without a surface roughness 

response and a reduced optimization (due to the low surface 

roughness). Surface roughness levels below a permissible 

bond are achieved with both methods, thereby demonstrating 

the model’s validity and contribution to improved precision 

machining. 

Energy-aware parameter selection reduced manufacturing 

energy consumption by 25%, directly contributing to lower 

operational costs and improved process sustainability. 

 

4.5 Additive manufacturing microstructure control 

 

Quantifying spatially varying cooling rates in material 

extrusion enables targeted control of microstructure during 

additive manufacturing. Simulations establish relationships 

between cooling rates, grain size, and mechanical properties, 

demonstrating that slower-cooled regions exhibit increased 

dendritic growth [85]. A proxy model of cooling rates 

facilitates assessment of temperature distribution, cooling 

strategy, and energy consumption in high-throughput 

production. 

Additive manufacturing by material extrusion has recently 

gained prominence due to its rapid prototyping potential and 

ability to create complex geometries. However, process-

induced defects such as non-uniform cooling rates still limit 

the suitability of additively manufactured parts for structural 

applications [86]. A temperature-dependent thermal 

conductivity model (illustrated in Figures 7-14) is employed 

to assess cooling rates in two-dimensional material extrusion 

and, subsequently, determine the effect of cooling rate on the 

microstructure and mechanical properties of the component. 

During material extrusion, deposits are successively laid 

and allowed to cool before a subsequent layer is added. The 

temperature experienced at the formation of each layer is 

influenced by the cooling of already deposited layers, which 

can introduce spatial variation in cooling rates. In regions of 

the part subject to long cooling paths, the cooling process can 

be influenced by external environmental conditions, such as 

draughts and ventilation, and may thus exhibit a slower 

cooling rate compared to other regions. Such variations may 

be detrimental; the grain structure is dependent on cooling 

rates during solidification, and slower-cooled regions typically 

exhibit larger grains and reduced mechanical properties. 

Quantifying the cooling rate may provide a basis for spatially 

targeted control of the microstructure. 

 

4.6 Thermal management in high-throughput production 

 

Temperature control during high-throughput manufacturing 

affects quality and energy consumption; modeling predicts 

these aspects. High production rates can produce large heat 

loads that significantly affect workpiece and fixture 

temperatures. Often, these temperatures are not controlled, 

leading to reduced product quality. Costly production plants, 

such as those for packaging, require a carefully controlled 

temperature field to ensure uniform seal quality [87]. The 

adhesive bond quality is strongly influenced by the receiver 

surface temperature and the cooling time before separation. 

Excessive temperatures can also change the chemical nature 

of the surfaces and affect chemical bonding. The temperature 

field can affect the mechanical and adhesive properties of 

coatings. In additive manufacturing, a high cooling rate can 

lead to decreased grain size and increased yield strength and 

hardness and thus controllable mechanical properties. 

Consequently, thermal management has attracted increasing 

interest, as shown in Table 12, resulting in approaches such as 

concurrent engineering, model predictive control, and 

adaptive manufacturing. 

Dynamic models of thermal management enable 

adjustments to external cooling or heating conditions. 

Simulations can help identify critical locations or cooling 

strategies for these auxiliary systems [88]. The control 

approach should match the manufacturing speed and 

production decision latency and process monitoring systems 

can be valuable. Simulations of temperature fields enable the 

prediction of energy consumption associated with cooling, 

heating, and temperature fields over different burial depths, 

enhancing strategy selection. The quantification of uncertainty 

of the temperature field gives information on the needs of 

distribution when it comes to sensors. Cryogenic-free deep UV 

lithography. A suitable cooling plan can reduce the energy 

usage and provide a temperature field meeting sealing needs. 

 

 
 

Figure 9. Influence of layer thickness on cycle time in 3D printing 
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Figure 10. Effect of extrusion temperature and print speed on 

temperature distribution and remaining stress along the print 

path 

 

 
 

Figure 11. Before and after optimization of deformation and 

residual stress in 3D simulation 

 

 
 

Figure 12. Effect of nozzle temperature on maximal 

deformation and residual stress in additive manufacturing 

processes 

 

 
 

Figure 13. Thermal expansion analysis and multi-objective 

optimization in additive manufacturing processes: 

Deformation and energy consumption analysis 

 
 

Figure 14. Comparison of deformation and residual stress 

before and after optimization in 3D simulation 

 

Table 12. Optimization of 3D printing parameters before and 

after optimization 

 

Parameter 
Before 

Optimization 

After 

Optimization 

Change 

(%) 

Nozzle 

Temp. 
200 ℃ 215 ℃ 7.5% 

Printing 

Speed 
40 mm/s 60 mm/s 50% 

Layer 

Thickness 
0.2 mm 0.25 mm 23% 

Cooling 

Time 
6.0 s 3.5 s 42% 

 

To evaluate the effectiveness of the optimization process, 

Table 12 presents a detailed comparison of key variables, such 

as nozzle temperature, printing speed, and layer thickness. As 

shown in the table, the strategic adjustments led to a notable 

decrease in cycle time from 480 s to 360 s, alongside improved 

cooling efficiency. 

 

4.7 Coatings and surface engineering 

 

Molecular and colloidal chemical processes dictate the 

reliability and quality of thin functional surfaces and coatings. 

As shown in Table 10, adhesion strength, wear resistance, and 

protection against oxidation and corrosion depend on material 

selection and on suitability for the specific operating 

environment. Adequate simulation of functional film and 

coating formation requires, in essence, a coherent physical 

description of the relevant chemical and mass transport 

phenomena as well as the key physicochemical features of the 

environment. Thus, attention must often focus on chemical 
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kinetics and mass transport in films as well as in growth 

processes. 

Published results suggest that, at least in thin films such as 

converters, fuel cells, and micro-electro-mechanical systems 

(MEMS) devices, mass transport frequently meets the required 

conditions for diffusion‑limited kinetics. In such cases, 

chemical reactions proceed sufficiently fast to be governed 

either by diffusion‑limited or kinetic‑limited stages. 

Nevertheless, the integrated effect of reaction and mass 

transport appears insufficiently understood for many 

applications. For proustite coatings, reaction–diffusion 

problems contain considerable complexity, especially with 

regard to scratched parts' self-repairing capability and 

anticorrosion function in practical service [89]. As the 

environment heavily influences the kinetics and mass transport 

of reactions in every real process, it follows that the selected 

chemical description must take all relevant environmental 

parameters into account. So, the real field and service 

conditions must guide functional reproduction and quality 

prediction in practical application [90]. 

 

 

5. IMPLICATIONS FOR PRODUCTION EFFICIENCY 

AND SUSTAINABILITY 

 

Evidence-based modeling and optimization of 

manufacturing processes directly enhance production 

efficiency by reducing economic expenditures in each 

machining component. Development effort concentrated on 

modelling surface integrity and quality loss for representative 

hard metal cutting, associating specific state parameters with 

the microstructural features and exploiting splat formation 

conditions for fast and wear-resistant thermal barrier coatings 

design [91]. Process parameters of high-rate laser cladding, 

influencing cooling rates and grain size, were identified using 

surrogate models for microstructure prediction trained on low-

fidelity data. Temperature distributions in high-throughput 

reflow ovens were evaluated to propose cooling strategies 

balancing temperature uniformity and energy efficiency. 

Well-targeted multiphysics simulations bring substantial 

improvements in production efficacy and process 

sustainability [92]. An objective function quantifying the 

machining energy consumption, acting as the primary input 

and a surrogate model for a preset criterion, enables real-time 

adaptation of production parameters in a rapidly changing 

environment with an unpredictable model state. Proper 

implementation of sensed data, minimization of decision 

latency, and suitable selection of a surrogate model ensemble 

guarantee consistent production efficiency across the 

considered application domain and establish a path towards 

autonomous predictive control. 

 

 

6. CHALLENGES, LIMITATIONS, AND FUTURE 

DIRECTIONS 

 

Designing and manufacturing goods with minimal negative 

environmental impact remains a major challenge. Limited 

resources dictate that unused time in factories worldwide must 

be minimized. A suggestion to conceive factories that reuse 

each other’s wasted heat must be highlighted [93]. An 

experiment to demonstrate that the power used in data hosting 

alone surpasses the power per capita of countries is 

transformed into an enigma, requiring a shrinking of the data 

used in hosting nowadays. The implications that surface 

treatment has on the thinning of natural resources and the 

negative impact that wear introduces on productivity, 

environment and resources are summarized. 

Combined heat and mass transfers and chemical reactions 

have to be addressed through research and manufacturing. 

Surfaces should be coated in order to increase the life of tools 

and equipment; in each case, when an inorganic coating is 

used, the dangers attached must be compared to the advantages 

in terms of resources. Last but not least, brain(s) and speed 

might not be sufficient to spare other people suffering. The 

changes that this way of thinking dictates are presented as 

being on the agenda, which will allow an extended, further-

reaching discussion. 

 

 

7. CONCLUSIONS 

 

Development of rigorous modeling and modeling 

applications in a wide variety of manufacturing settings drives 

multiphysics modeling, numerical modeling, validation and 

optimization approaches. Formalization of the simulation and 

optimization structures of the manufacturing process, and by 

applying multiphysics modeling strategically, one can 

increase the strength of the production processes, as well as 

enable control over the quality of the products with precision. 

The developed approaches, when applied, can result in 

quantifiable production efficiency improvement and surface 

integrity-related rework mitigation. 

Production is entering a new era where cost and 

performance are not the only factors that should determine the 

design and manufacturing of products, but also the demands 

of the circular economy. The recent advancements in sensors, 

machine learning, and monitoring product quality have created 

new opportunities in real-time optimization of the 

manufacturing process, with the opening of the possibilities of 

reducing costs. Some of the aspects that may be correlated 

with the responsiveness of the process to current conditions 

include tool life, cooling, deposition rate and dimensional 

accuracy, just to mention a few. The incorporation of sensor 

information into sophisticated computational models can be 

used to make predictions of how a process will behave in 

various circumstances; this inevitably draws us to the idea of 

model predictive control. 

From a manufacturing perspective, the thermo-mechanical 

optimization framework suggested here is an actual digital tool 

that can improve reliability, efficiency, and energy 

performance in the FDM processes. This study contributes to 

the industrialization of additive manufacturing technologies 

by actively promoting the use of data-driven process design 

and value addition by directly relating process parameters and 

performance indicators that are relevant to manufacturing. 
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