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Abstract 
Additive manufacturing systems frequently fail to predict process instability before thermal disturbances 
generate porosity, cracking, spatter, lack of fusion, distortion, and inconsistent layer consolidation, partly 
because sensor data, machine settings, thermal models, and quality evidence remain fragmented. This study 
aimed to develop and quantitatively evaluate an integrated thermal behavior modeling framework for improving 
Process-Instability Prediction Effectiveness across operational additive manufacturing cases. A quantitative, 
cross-sectional, descriptive, explanatory, and case-based design was applied to industrial manufacturing 
facilities, research centers, university laboratories, technology providers, and quality-testing organizations 
using laser powder-bed fusion, directed-energy deposition, electron-beam melting, and related metal additive 
manufacturing systems. From 350 distributed questionnaires, 312 valid responses were retained, yielding an 
effective response rate of 89.14 percent. The model examined Thermal-Process Data Quality and Integration, 
Heat-Input Consistency and Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-
Pool Thermal Stability, Cooling and Solidification Behavior Control, Real-Time Thermal Monitoring and 
Modeling Capability, and Process-Instability Prediction Effectiveness. Five-point Likert data were analyzed in 
SPSS using descriptive statistics, reliability and validity tests, Pearson correlations, ANOVA, assumption 
diagnostics, and multiple regression. Cronbach’s alpha values ranged from .831 to .914, KMO reached .902, 
and Bartlett’s test was significant, χ² (595) = 4,582.63, p < .001. Process-Instability Prediction Effectiveness 
recorded M = 4.07, SD = .57. All six predictors were significant, and the model explained 68.9 percent of 
outcome variance, R² = .689, adjusted R² = .683, F (6, 305) = 112.61, p < .001. Melt-Pool Thermal Stability 
was strongest, β = .26, followed by data quality, β = .23, and real-time monitoring, β = .21. The findings imply 
that coordinated thermal data, energy control, melt-pool stabilization, cooling management, and real-time 
modeling can strengthen early warnings, reduce defect-generating variation, improve process control, and 
support more reliable additive manufacturing quality decisions. They provide evidence to prioritize monitoring 
investments, calibration, model validation, and workforce training. 
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INTRODUCTION 
Additive manufacturing is a digitally controlled production approach through which three-
dimensional components are created by depositing, melting, bonding, or solidifying material in 
successive layers based on a computer-generated design. Unlike conventional subtractive 
manufacturing, which removes material from a larger workpiece, additive manufacturing constructs a 
component through the controlled addition of material at specific spatial locations. Metal additive 
manufacturing processes commonly use a concentrated laser or electron beam to melt powder particles, 
wire feedstock, or previously deposited material. This localized energy interaction produces rapid 
heating, melting, fluid movement, cooling, solidification, and repeated reheating as additional layers 
are deposited. Thermal behavior in additive manufacturing refers to the spatial and temporal variation 
of temperature, heat flux, thermal gradients, cooling rates, melt-pool geometry, solidification 
characteristics, and heat accumulation throughout the manufacturing cycle. Process instability refers 
to any departure from a controlled, repeatable, and predictable manufacturing condition that disrupts 
the formation of a stable melt pool, continuous track, uniformly bonded layer, or dimensionally 
accurate component. Such instability may be expressed through balling, spatter, keyhole fluctuation, 
track discontinuity, lack of fusion, excessive penetration, pore formation, cracking, residual stress, 
distortion, and irregular surface development. Early research on selective laser sintering and selective 
laser melting established that the bonding mechanism depends strongly on whether the supplied 
thermal energy produces partial melting, complete melting, viscous flow, or liquid-phase consolidation 
within the processed material (Kruth et al., 2005). Thermal analysis of laser-engineered net shaping also 
demonstrated that the temperature field is governed by laser power, material properties, latent heat, 
thermal conduction, convection, radiation, and the evolving shape of the deposited material (Wang & 
Felicelli, 2006). Single-track investigations further indicated that a stable and continuous deposited 
track can be achieved only when beam power, scanning speed, powder characteristics, and layer 
conditions remain within an appropriate processing range (Yadroitsev & Smurov, 2010). Mathematical 
and numerical studies of electron-beam melting similarly connected process stability with energy 
input, thermal diffusion, scan conditions, and heat-transfer behavior within the powder bed (Zäh & 
Lutzmann, 2010). The international significance of thermal behavior modeling is associated with the 
widespread application of additive manufacturing in aerospace, biomedical engineering, automotive 
production, energy systems, tooling, defense manufacturing, and other high-value industries in which 
part failure, geometric inaccuracy, or internal defects can create substantial technical and economic 
consequences. Residual-stress research has shown that repeated localized heating and constrained 
cooling generate complex stress distributions that depend on component geometry, material 
characteristics, substrate conditions, scanning strategy, and thermal history (Mercelis & Kruth, 2006). 
Thermal behavior modeling therefore provides a systematic basis for measuring, explaining, and 
predicting the conditions under which additive manufacturing processes remain stable or become 
vulnerable to defect-generating thermal disturbances. 
Thermal behavior within an additive manufacturing system develops through interconnected physical 
mechanisms involving energy absorption, heat conduction, convection, radiation, melting, 
evaporation, fluid flow, solidification, and reheating. When a laser or electron beam interacts with a 
powder bed or deposited surface, part of the supplied energy is absorbed by the material, while another 
portion may be reflected, scattered, or transferred to the surrounding environment. The absorbed 
energy raises the local temperature above the melting point and creates a molten region whose 
dimensions and stability depend on beam characteristics, scanning velocity, material absorptivity, 
thermal conductivity, heat capacity, latent heat, and boundary conditions. A radiation and heat-transfer 
model demonstrated that laser energy can penetrate a powder layer through repeated reflections 
among powder particles, causing nonuniform absorption and complex thermal distributions within the 
interaction zone (Gusarov et al., 2009). Three-dimensional finite-element analysis further established 
that successive scanning and layer deposition generate repeated temperature peaks and progressive 
heat accumulation because previously consolidated layers are reheated by later thermal cycles (Roberts 
et al., 2009). This repeated exposure can alter local cooling rates, melt-pool depth, microstructural 
development, residual-stress formation, and dimensional stability. Thermal conditions cannot 
therefore be represented adequately by a single process parameter such as laser power. Effective energy 
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input is jointly influenced by scanning speed, hatch spacing, layer thickness, beam diameter, exposure 
time, scan strategy, powder packing, surface condition, and material properties. Experimental and 
numerical investigation of single-track, multitrack, and multilayer formation confirmed that different 
combinations of energy input and scanning conditions produce significant variations in track 
continuity, overlap, layer consolidation, and defect formation (Wang et al., 2012). Finite-element 
simulation also showed that unsupported layers experience steep thermal gradients and nonuniform 
stress development during rapid heating and cooling, increasing the possibility of deformation and 
process irregularity (Hussein et al., 2013). The changing geometry of an additively manufactured 
component introduces further complexity because every newly deposited layer modifies the available 
conductive pathways, exposed surfaces, and heat-transfer boundaries. Element-activation modeling 
was developed to represent the gradual addition of material and improve the accuracy of transient 
heat-transfer simulation in metal deposition processes (Michaleris, 2014). Directed-energy-deposition 
research additionally showed that thermal-model performance depends on the realistic representation 
of convection generated by shielding and carrier gases around the processing region (Heigel et al., 
2015). Thermal-process data quality must therefore include accurate temperature measurements, 
calibrated sensors, synchronized process parameters, reliable material-property values, appropriate 
boundary conditions, and a valid representation of the evolving build geometry. Heat-input 
consistency and energy control refer to the ability of the manufacturing system to maintain a stable 
relationship among supplied power, interaction time, absorbed energy, melt volume, and heat 
dissipation throughout tracks, layers, and component regions. 

 
Figure 1: Integrated Framework for Thermal Data Processing, Modeling, and Process-Instability 

Prediction 
 

 
 

Process instability emerges when the thermal condition of the material shifts beyond a stable operating 
range and the molten region can no longer maintain consistent geometry, flow behavior, and 
solidification characteristics. Insufficient effective energy input may prevent complete melting and 
interlayer bonding, resulting in lack-of-fusion defects, discontinuous tracks, unmelted particles, weak 
interfaces, and irregular surfaces. Excessive energy input may generate intense evaporation, recoil 
pressure, deep vapor depressions, keyhole formation, violent fluid movement, spatter, and gas 
entrapment. Direct observations of laser powder-bed fusion revealed a transition from shallow 
conduction-mode melting to deep keyhole-mode melting as energy intensity increased, and unstable 
keyhole collapse was associated with the formation of internal voids (King et al., 2014). Powder-scale 
multiphysics simulation further demonstrated that recoil pressure, capillary forces, Marangoni 
convection, evaporation, multiple laser reflections, powder displacement, and free-surface deformation 
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interact during the formation of pores, spatter, and denuded zones (Khairallah et al., 2016). The 
surrounding powder distribution also affects process stability because powder particles can be 
removed from regions beside the scanning path through interactions among vapor flow, gas 
circulation, particle entrainment, and melt-pool dynamics (Matthews et al., 2016). High-speed 
experimental observation confirmed that plume behavior, shielding-gas movement, particle 
entrainment, and spatter trajectories change according to laser power and scan speed, modifying both 
material availability and local energy transfer around the melt pool (Bidare et al., 2018). In situ X-ray 
imaging provided additional evidence of pore movement, melt-track formation, powder denudation, 
spatter generation, and Marangoni-driven circulation beneath the visible surface of the powder bed 
(Leung et al., 2018). High-speed X-ray imaging and diffraction also captured powder ejection, melt-
pool development, solidification, phase transformation, and keyhole-pore formation during laser 
powder-bed fusion (Zhao et al., 2017). These interacting mechanisms show that thermal-gradient and 
heat-accumulation management are central to process stability because they determine how rapidly 
heat is transferred away from the melt pool, how intensely surrounding regions are reheated, and how 
strongly thermal expansion is constrained by previously consolidated material. Melt-pool thermal 
stability refers to the maintenance of controlled temperature, width, depth, length, surface shape, and 
internal flow under changing process conditions. Cooling and solidification behavior control refers to 
the management of cooling rate, solidification-front movement, thermal contraction, and the 
redistribution of heat into the substrate and surrounding layers. Process instability may begin with an 
isolated disturbance, although its development generally reflects combined interactions among heat 
input, material condition, geometry, fluid flow, atmosphere, scan strategy, and accumulated thermal 
history. 
The existing body of additive manufacturing research provides extensive knowledge of heat transfer, 
melt-pool dynamics, defect formation, monitoring technologies, and thermomechanical simulation, 
although the findings are distributed across different experimental, computational, and industrial 
contexts. Track-level studies have explained how process parameters affect continuity, overlap, 
remelting, and balling. Finite-element investigations have described temperature distributions, thermal 
gradients, heat accumulation, residual stress, and deformation. High-fidelity multiphysics models have 
examined recoil pressure, evaporation, fluid flow, Marangoni convection, free-surface movement, 
spatter, and pore formation. Synchrotron and high-speed imaging studies have directly observed melt-
pool evolution, keyhole behavior, particle ejection, pore movement, and solidification. These research 
traditions provide a strong physical foundation for understanding process instability, but they do not 
fully explain how consistently thermal-management and prediction capabilities are implemented 
across operational additive manufacturing systems. A controlled laboratory experiment may establish 
an accurate relationship between power, speed, and melt-pool depth, while an industrial facility may 
experience incomplete sensor coverage, inconsistent calibration, fragmented data systems, varying 
powder conditions, limited model validation, or differences in operator competency. The research gap 
is therefore associated with the limited integration of established thermal factors into a unified and 
statistically testable framework that evaluates their individual and combined relationships with 
Process-Instability Prediction Effectiveness. Residual-stress analysis has shown that geometry, thermal 
history, material properties, scanning strategy, and substrate constraints act jointly during the 
manufacturing process (Mercelis & Kruth, 2006). Powder-scale simulation has similarly demonstrated 
that energy absorption, fluid flow, particle motion, recoil pressure, and pore formation are 
interdependent rather than isolated mechanisms (Khairallah et al., 2016). Real-time monitoring 
research has also shown that thermal signatures become meaningful when they are connected with 
processing location, machine parameters, and identifiable melt-pool events (Zhao et al., 2017). A 
quantitative cross-sectional study can organize these established thermal factors into measurable 
constructs and determine whether professionals working with additive manufacturing systems report 
consistent statistical relationships among them. The case-study context preserves the technical and 
organizational characteristics of selected additive manufacturing environments. Descriptive statistics 
can identify the perceived level of implementation of each construct, correlation analysis can measure 
the direction and strength of the relationships among the study variables, and multiple regression 
analysis can estimate the unique and combined contribution of each thermal factor to process-
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instability prediction. This level of analysis addresses the integration, maturity, consistency, and 
perceived effectiveness of thermal-management practices across operational cases rather than replacing 
experimental measurement or mechanistic simulation. 
The purpose of this study is to develop and quantitatively evaluate an integrated thermal behavior 
modeling framework for predicting process instability in additive manufacturing systems. The 
research adopts a quantitative, cross-sectional, descriptive, explanatory, and case-study-based design 
using a structured questionnaire measured through a five-point Likert scale. The proposed framework 
contains six independent variables: Thermal-Process Data Quality and Integration, Heat-Input 
Consistency and Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-Pool 
Thermal Stability, Cooling and Solidification Behavior Control, and Real-Time Thermal Monitoring 
and Modeling Capability. Process-Instability Prediction Effectiveness serves as the dependent variable 
and represents the accuracy, timeliness, reliability, consistency, and operational usefulness with which 
unstable thermal conditions and defect-generating process regimes are identified. The first research 
question examines how Thermal-Process Data Quality and Integration influence Process-Instability 
Prediction Effectiveness. The second research question examines how Heat-Input Consistency and 
Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-Pool Thermal Stability, 
and Cooling and Solidification Behavior Control Influence Process-Instability Prediction Effectiveness. 
The third research question examines the contribution of Real-Time Thermal Monitoring and Modeling 
Capability to the accurate prediction of process instability. Six directional hypotheses are developed 
from the conceptual framework. H1 proposes that Thermal-Process Data Quality and Integration have 
a significant positive effect on Process-Instability Prediction Effectiveness. H2 proposes that Heat-Input 
Consistency and Energy Control have a significant positive effect on Process-Instability Prediction 
Effectiveness. H3 proposes that Thermal-Gradient and Heat-Accumulation Management have a 
significant positive effect on Process-Instability Prediction Effectiveness. H4 proposes that Melt-Pool 
Thermal Stability has a significant positive effect on Process-Instability Prediction Effectiveness. H5 
proposes that Cooling and Solidification Behavior Control have a significant positive effect on Process-
Instability Prediction Effectiveness. H6 proposes that Real-Time Thermal Monitoring and Modeling 
Capability have a significant positive effect on Process-Instability Prediction Effectiveness. Descriptive 
statistics will be used to examine the distribution, mean, and standard deviation of the measured 
variables. Pearson correlation analysis will be used to determine the direction and strength of bivariate 
relationships. Multiple regression analysis will be used to estimate the collective explanatory power of 
the model and the standardized contribution of each predictor. Reliability and validity assessments 
will be conducted to evaluate the internal consistency and measurement quality of the study constructs. 
The paper is organized into the introduction, a six-section literature review containing the theoretical 
and conceptual frameworks, the methodology, twelve results sections, the discussion, the conclusion, 
recommendations, and the limitations of the study. 
Background of the Study 
Additive manufacturing has become an important production approach for creating complex 
components through the controlled deposition and consolidation of material in successive layers. In 
metal-based additive manufacturing systems, thermal energy supplied by a laser, electron beam, or 
related heat source governs the melting, flow, cooling, solidification, and bonding of the deposited 
material. The thermal condition created during processing directly affects melt-pool size, track 
continuity, interlayer bonding, dimensional accuracy, microstructural development, residual stress, 
and the overall structural integrity of the manufactured component. The thermal environment is highly 
dynamic because each new scan or deposited layer changes the geometry of the part, modifies heat-
transfer pathways, reheats previously solidified material, and produces new temperature gradients 
across the build. Variations in laser power, scanning speed, hatch spacing, layer thickness, powder 
characteristics, material properties, build orientation, shielding conditions, and heat dissipation can 
therefore alter the stability of the process. When thermal energy is insufficient, the material may not 
melt completely, causing discontinuous tracks, weak interlayer bonding, unmelted particles, and lack-
of-fusion defects. When the supplied energy is excessive, the process may experience deep keyhole 
formation, violent melt-pool motion, evaporation, spatter, pore entrapment, and localized overheating. 
Repeated thermal cycling can also generate residual stresses, distortion, cracking, and nonuniform 
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microstructures throughout the component. Thermal behavior modeling provides a structured method 
for representing these temperature-dependent processes and identifying the relationships among 
energy input, heat distribution, melt-pool response, cooling conditions, and process outcomes. It can 
combine machine parameters, sensor information, material data, boundary conditions, and thermal 
observations to determine whether the manufacturing process remains within a stable operating range. 
The growing use of additive manufacturing in aerospace, automotive, biomedical, energy, tooling, and 
advanced engineering industries has increased the importance of reliable thermal control because 
many manufactured components operate under demanding mechanical, thermal, and safety 
conditions. A process that appears stable at the machine-command level may still develop internal 
thermal disturbances that are not visible during production. For this reason, understanding and 
modeling thermal behavior have become essential for predicting process instability, reducing defect 
formation, improving repeatability, and maintaining consistent manufacturing performance across 
different materials, machines, geometries, and operational environments. 
Problem Statement 
The central problem addressed by this research is the limited ability of many additive manufacturing 
systems to predict process instability before thermal disturbances produce visible or internal defects. 
Although modern machines can control parameters such as laser power, scanning speed, layer 
thickness, hatch spacing, and build-platform temperature, the commanded values do not always 
represent the actual thermal condition within the melt pool or deposited layer. The interaction among 
energy input, powder characteristics, material properties, geometry, surface conditions, gas flow, heat 
accumulation, and repeated thermal cycling creates complex temperature patterns that can change 
rapidly during production. In many operational environments, thermal information is collected 
through pyrometers, infrared cameras, photodiodes, melt-pool sensors, or machine logs, yet these data 
are often incomplete, unsynchronized, insufficiently calibrated, or separated across different 
monitoring platforms. Such limitations reduce the capacity of engineers and operators to identify 
unstable conditions accurately and to connect thermal signals with specific defects or process 
disruptions. Another problem concerns the inconsistent control of heat input across different regions 
of a component. Corners, overhangs, thin walls, support interfaces, scan-turning points, and large 
cross-sectional areas may experience different heating and cooling conditions even when the same 
nominal parameters are applied. This variation can create excessive thermal gradients, local heat 
accumulation, irregular melt-pool dimensions, unstable fluid flow, inconsistent solidification, residual 
stress, porosity, cracking, and geometric distortion. Existing thermal models may also be developed for 
specific machines, materials, or laboratory conditions, limiting their reliability when transferred to 
other operating contexts. Simplified models may not fully account for changing geometry, nonlinear 
material behavior, evaporation, convection, free-surface movement, and the interaction between 
consecutive layers. Industrial users may therefore possess thermal-monitoring technologies without 
having a sufficiently integrated modeling framework for converting raw data into timely predictions 
of instability. The absence of a unified and statistically testable framework also makes it difficult to 
determine which thermal capability contributes most strongly to prediction effectiveness. Thermal-
process data quality, heat-input consistency, thermal-gradient management, melt-pool stability, 
cooling control, and real-time modeling are commonly studied as separate technical issues. Their 
combined influence on process-instability prediction remains insufficiently examined within a 
quantitative, cross-sectional, case-study-based design. This research addresses that problem by 
evaluating these interconnected factors and determining their individual and collective relationships 
with Process-Instability Prediction Effectiveness in additive manufacturing systems. 
Objectives of the Study 
The primary objective of this study is to develop and quantitatively evaluate an integrated thermal 
behavior modeling framework for predicting process instability in additive manufacturing systems. 
The study seeks to determine how effectively thermal conditions can be measured, managed, modeled, 
and interpreted within selected additive manufacturing cases and how these capabilities contribute to 
the early identification of unstable production conditions. More specifically, the research aims to assess 
the influence of Thermal-Process Data Quality and Integration on Process-Instability Prediction 
Effectiveness by examining whether accurate, complete, calibrated, synchronized, and accessible 
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thermal information improves the reliability of instability identification. It also aims to evaluate the 
effect of Heat-Input Consistency and Energy Control by determining whether stable management of 
laser or beam power, scanning speed, energy delivery, exposure time, and related processing 
parameters strengthens predictive performance. A further objective is to investigate the relationship 
between Thermal-Gradient and Heat-Accumulation Management and Process-Instability Prediction 
Effectiveness, particularly in relation to repeated heating, localized temperature differences, interlayer 
heat buildup, and uneven heat dissipation. The study also seeks to measure the influence of Melt-Pool 
Thermal Stability by examining whether consistent melt-pool temperature, width, depth, length, and 
flow behavior support more accurate identification of unstable process regimes. Another objective is to 
determine how Cooling and Solidification Behavior Control affects prediction effectiveness through 
the management of cooling rates, solidification patterns, thermal contraction, and interlayer 
consolidation. The research additionally aims to examine the contribution of Real-Time Thermal 
Monitoring and Modeling Capability, including sensor deployment, signal processing, model 
calibration, timely alerts, and the interpretation of thermal data. Through descriptive statistics, the 
study will identify the perceived implementation level of each construct. Through correlation analysis, 
it will determine the direction and strength of the relationships among the variables. Through multiple 
regression modeling, it will estimate the combined explanatory power of the proposed framework and 
compare the standardized contribution of each predictor. The study also aims to test six research 
hypotheses and identify the thermal factor that provides the strongest statistical explanation of Process-
Instability Prediction Effectiveness. These objectives collectively guide the development of a coherent 
model that represents thermal instability as the outcome of interconnected data, energy, heat-transfer, 
melt-pool, solidification, and monitoring capabilities. 
Research Hypotheses 
The research hypotheses have been developed to test the proposed relationships between the six 
independent variables and Process-Instability Prediction Effectiveness in additive manufacturing 
systems. The first hypothesis, H1, states that Thermal-Process Data Quality and Integration have a 
significant positive effect on Process-Instability Prediction Effectiveness. This hypothesis assumes that 
accurate, complete, calibrated, synchronized, and properly integrated thermal data improve the ability 
of a manufacturing system to recognize abnormal temperature patterns and unstable operating 
conditions. The second hypothesis, H2, states that Heat-Input Consistency and Energy Control have a 
significant positive effect on Process-Instability Prediction Effectiveness. This relationship is based on 
the expectation that stable energy delivery and controlled process parameters make thermal responses 
more predictable and reduce unexplained variations in melt-pool behavior. The third hypothesis, H3, 
proposes that Thermal-Gradient and Heat-Accumulation Management have a significant positive 
effect on Process-Instability Prediction Effectiveness. Effective management of temperature differences, 
repeated reheating, local overheating, and interlayer heat buildup is expected to improve the 
identification of conditions associated with distortion, residual stress, cracking, and unstable 
consolidation. The fourth hypothesis, H4, states that Melt-Pool Thermal Stability has a significant 
positive effect on Process-Instability Prediction Effectiveness. Consistency in melt-pool temperature, 
geometry, penetration, and fluid behavior is expected to provide measurable indicators of process 
stability and facilitate early detection of transitions toward keyholing, balling, porosity, or track 
discontinuity. The fifth hypothesis, H5, proposes that Cooling and Solidification Behavior Control have 
a significant positive effect on Process-Instability Prediction Effectiveness. Controlled cooling and 
repeatable solidification are expected to reduce unpredictable thermal contraction, nonuniform 
microstructure, interlayer inconsistency, and defect formation. The sixth hypothesis, H6, states that 
Real-Time Thermal Monitoring and Modeling Capability has a significant positive effect on Process-
Instability Prediction Effectiveness. This hypothesis reflects the expectation that effective sensors, data-
processing systems, calibrated models, real-time alerts, and technically competent personnel improve 
the timeliness and accuracy of instability prediction. Each hypothesis will be tested through multiple 
regression analysis using a significance level of .05. A hypothesis will be supported when the 
corresponding regression coefficient is positive, statistically significant, and consistent with the 
proposed conceptual relationship. The six hypotheses collectively represent the main statistical 
structure of the research model and enable the study to compare the relative explanatory contribution 
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of the proposed thermal-behavior factors. 
Significance of the Research 
i. Significance for additive manufacturing engineers and machine operators: The research provides 
a structured understanding of how thermal-process data, heat input, melt-pool behavior, cooling 
conditions, and real-time monitoring collectively influence process-instability prediction. Engineers 
and machine operators may use the identified relationships to interpret thermal variations more 
systematically and distinguish normal process fluctuations from conditions associated with defect 
formation. The framework may also support more informed parameter adjustment and monitoring 
decisions during production. 
ii. Significance for manufacturing organizations: Additive manufacturing organizations require 
consistent product quality, reliable production cycles, and reduced material waste. By identifying the 
thermal factors that make the strongest contribution to instability prediction, the study provides 
evidence that can guide resource allocation, monitoring-system selection, process-control 
improvement, model validation, and workforce training. The results may help organizations prioritize 
the most influential capabilities rather than treating all thermal-control activities as equally important. 
iii. Significance for quality-control and process-monitoring professionals: The research establishes 
measurable constructs for evaluating Thermal-Process Data Quality and Integration, Heat-Input 
Consistency and Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-Pool 
Thermal Stability, Cooling and Solidification Behavior Control, and Real-Time Thermal Monitoring 
and Modeling Capability. These constructs may assist quality professionals in developing assessment 
criteria, monitoring protocols, audit procedures, and performance indicators for additive 
manufacturing systems. 
iv. Significance for researchers and academic institutions: The study contributes a quantitative, cross-
sectional, case-study-based framework that translates complex thermal mechanisms into statistically 
measurable variables. It connects engineering concepts with descriptive analysis, correlation testing, 
and regression modeling. This structure provides an empirical basis for examining the combined effects 
of multiple thermal capabilities rather than investigating only one process parameter or defect 
mechanism. 
v. Significance for technology developers: Developers of additive manufacturing machines, sensors, 
thermal cameras, simulation software, digital twins, and predictive-control platforms may use the 
findings to understand which data and modeling capabilities are most closely associated with effective 
instability prediction. The results may support the design of integrated monitoring interfaces, 
improved alert systems, better sensor synchronization, and more interpretable thermal models. 
vi. Significance for high-value industrial sectors: Aerospace, automotive, biomedical, energy, defense, 
and advanced tooling industries depend on components that satisfy strict requirements for geometry, 
density, strength, and reliability. The study addresses the thermal conditions that influence hidden 
defects, residual stress, cracking, distortion, and inconsistent material consolidation. A clearer 
understanding of these relationships is therefore relevant to sectors in which production failure can 
produce substantial financial, operational, and safety consequences. 
LITERATURE REVIEW 
The literature on thermal behavior modeling in additive manufacturing covers a broad range of 
scientific, computational, and operational issues associated with heat generation, heat transfer, melting, 
fluid movement, cooling, solidification, residual stress, defect formation, and process monitoring. 
Metal additive manufacturing systems create components through highly localized and repeated 
thermal cycles in which a laser, electron beam, or related energy source interacts with powder, wire, or 
previously deposited material. These interactions generate steep temperature gradients, rapid phase 
changes, moving melt pools, repeated reheating, and continuously changing boundary conditions. The 
resulting thermal history influences track formation, layer bonding, microstructure, dimensional 
accuracy, porosity, cracking, surface condition, residual stress, and distortion. The literature therefore 
treats thermal behavior as one of the principal foundations of process stability and final component 
quality. Studies have examined how laser power, scanning speed, layer thickness, hatch spacing, beam 
diameter, exposure strategy, powder characteristics, material properties, build geometry, support 
structures, shielding conditions, and substrate temperature affect the distribution and dissipation of 
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heat. Other research has focused on melt-pool geometry, keyhole formation, recoil pressure, 
evaporation, Marangoni convection, spatter, particle entrainment, balling, and pore development. A 
further body of literature has investigated cooling rates, solidification patterns, microstructure 
formation, thermal contraction, stress development, and the accumulation of heat across multiple 
layers. Computational approaches include analytical heat-source models, finite-element methods, 
computational fluid dynamics, multiphysics simulations, reduced-order models, statistical techniques, 
machine-learning systems, and digital-twin frameworks. Monitoring studies have examined 
pyrometers, infrared cameras, photodiodes, high-speed imaging, acoustic signals, X-ray imaging, 
layerwise inspection, and integrated sensor platforms. These research streams establish that process 
instability cannot be explained by a single thermal parameter because instability develops through 
interactions among data quality, energy delivery, heat redistribution, melt-pool response, cooling 
behavior, and monitoring capability. The present literature review is organized to examine these 
interconnected dimensions systematically. It begins with thermal behavior and process instability in 
additive manufacturing systems, then reviews thermal-process data quality, heat-input consistency, 
thermal gradients, heat accumulation, melt-pool stability, cooling and solidification, and real-time 
thermal monitoring and modeling. It also introduces the theoretical framework used throughout the 
study and develops the conceptual framework and research hypotheses that guide the quantitative 
analysis. 
Thermal Behavior and Process Instability  
Thermal behavior in additive manufacturing refers to the generation, transfer, accumulation, and 
dissipation of heat during the layerwise formation of a component. In metal systems, a laser or electron 
beam delivers concentrated energy to powder, wire, or a previously deposited surface, producing 
localized melting followed by rapid cooling and solidification. The resulting temperature field is 
neither uniform nor stationary because the heat source moves continuously while the geometry, 
material state, and thermal boundaries change after every deposited track and layer. Thermal behavior 
therefore includes peak temperature, melt-pool width and depth, thermal gradient, cooling rate, 
reheating frequency, interlayer temperature, and the duration for which material remains above critical 
transformation temperatures. These variables influence grain growth, phase formation, texture, 
residual stress, distortion, density, and mechanical performance. The thermal cycle is particularly 
severe in metal additive manufacturing because a small material volume may experience repeated 
heating and cooling rapidly. The relationship between processing route, thermal cycle, microstructure, 
and properties has become central to explaining why identical machine settings may generate different 
outcomes across materials or geometries (Herzog et al., 2016; Kanti, 2020). Thermal modeling attempts 
to represent these interactions through analytical, numerical, statistical, or data-driven descriptions of 
energy absorption and heat transfer. Such models may include conduction, convection, radiation, latent 
heat, material activation, changing boundary conditions, and temperature-dependent properties. Their 
effectiveness depends on the appropriateness of physical assumptions and the quality of process data 
used for calibration and validation. Reviews of additive manufacturing models have emphasized that 
melting, solidification, vaporization, heat transfer, mass transfer, and control behavior are closely 
connected, making simplified representation difficult when multiple mechanisms act simultaneously 
(Bikas et al., 2016). Thermal behavior must thus be treated as a dynamic system response rather than 
as the direct product of one isolated parameter, since instability emerges from interacting energy, 
material, geometry, and environmental conditions.  
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Figure 2: Thermal Behavior–Process Instability Interaction Framework for Additive 
Manufacturing 

 

 
 
 

Process instability arises when the thermal response leaves a controllable operating range and the melt 
pool, deposited track, or solidifying layer no longer behaves consistently. At low effective energy input, 
incomplete melting and inadequate overlap may produce lack-of-fusion pores, discontinuous tracks, 
weak interlayer bonds, and unmelted particles. At excessive energy input, strong evaporation and 
recoil pressure may deepen the molten cavity, promote keyhole fluctuation, eject spatter, disturb the 
powder bed, and trap gas during collapse. Instability may also develop when scan turns, thin walls, 
overhangs, supports, or changes in cross-sectional area cause variations in heat accumulation and 
dissipation. These local differences influence melt-pool dimensions, thermal gradients, solidification 
velocity, and cooling rate, so a parameter set stable in one region may become unstable elsewhere. The 
process-structure-property relationship shows that thermal history governs microstructural evolution 
and defect susceptibility through interacting effects of energy absorption, fluid flow, solidification, 
alloy chemistry, and geometric constraint (Debasish, 2021; DebRoy et al., 2018). Defects are therefore 
physical records of unstable process conditions rather than independent outcomes. Porosity may result 
from lack of fusion, keyhole collapse, entrapped gas, or unstable melt flow, while distortion and 
cracking are associated with nonuniform contraction, steep temperature gradients, and accumulated 
stress. Surface irregularities, elevated edges, and track discontinuities can interfere with powder 
recoating and create secondary disturbances in later layers. Reviews linking defect mechanisms with 
in situ sensing have shown that meaningful instability assessment requires identification of the defect 
category and corresponding measurable process signature (Grasso & Colosimo, 2017; Abdur & 
Iftekhar, 2021). Thermal intensity, melt-pool area, plume behavior, spatter activity, layer appearance, 
and temperature distribution may each reveal a different aspect of instability. No single signal can 
represent every mechanism universally. Interpretation must connect thermal observations with 
material properties, machine commands, scan position, component geometry, and the timing of the 
disturbance within the build sequence with precision.  
Analyzing thermal behavior and process instability requires an integrated view of process parameters, 
system responses, defect mechanisms, and monitoring variables. Machine parameters such as power, 
scan speed, hatch spacing, layer thickness, beam diameter, dwell time, preheating temperature, 
powder-feed rate, and gas flow determine how energy enters the material. Their effects are mediated 
by absorptivity, conductivity, heat capacity, latent heat, viscosity, surface tension, powder packing, and 
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component geometry. The resulting thermal response is expressed through temperature distribution, 
melt-pool geometry, cooling rate, thermal gradient, heat accumulation, oscillation, and solidification 
behavior. When these responses exceed stable limits, defects may appear through porosity, cracking, 
warping, delamination, balling, spatter, surface roughness, dimensional deviation, or recoating 
interference. A classification of powder-bed-fusion defects and contributing parameters demonstrated 
that effective online control depends on organizing manufacturing features so that defects can be 
connected with measurable causes and controllable inputs (Malekipour & El-Mounayri, 2018; 
Chowdhury & Tonay, 2022). This relationship is important because the same visible defect may 
originate from different thermal mechanisms, and one unstable mechanism may produce several defect 
types. Reliable modeling must therefore distinguish correlation from physical causation while 
accounting for interactions among variables. For the present study, Thermal-Process Data Quality and 
Integration represent the accuracy and coordination of thermal information; Heat-Input Consistency 
and Energy Control represent the stability of delivered energy; Thermal-Gradient and Heat-
Accumulation Management represent spatial and temporal heat redistribution; Melt-Pool Thermal 
Stability represents the repeatability of molten-region geometry and behavior; Cooling and 
Solidification Behavior Control represent the consistency of phase transformation and contraction; and 
Real-Time Thermal Monitoring and Modeling Capability represents the ability to detect, interpret, and 
model changes during processing. These dimensions collectively describe the system conditions under 
which Process-Instability Prediction Effectiveness can be assessed. Their separation into measurable 
constructs supports statistical evaluation while preserving the interconnected physical nature of 
thermal instability across additive manufacturing operations.  
Thermal-Process Data Quality and Energy Control 
Thermal-Process Data Quality and Integration form the informational foundation of reliable process-
instability prediction because a model cannot represent the thermal state accurately when its inputs are 
incomplete, poorly calibrated, temporally misaligned, or separated from machine commands. Additive 
manufacturing systems generate heterogeneous data from laser-power controllers, scan-path files, 
pyrometers, photodiodes, infrared cameras, oxygen sensors, recoater logs, platform-temperature 
sensors, and post-build inspection records. These sources differ in sampling frequency, spatial 
resolution, sensitivity, coordinate reference, and physical meaning. Effective integration therefore 
requires that signals be calibrated, filtered, time-stamped, spatially registered, and connected with the 
track, layer, geometry, and parameter setting that produced them. Quality management research 
identified powder condition, temperature management, process-gas atmosphere, melt-pool behavior, 
and documentation as interdependent information domains, demonstrating that thermal quality 
cannot be assessed from a single sensor stream or isolated parameter record (Berumen et al., 2010; 
Zahidul & Begum, 2022). Data completeness is equally important because missing intervals may 
conceal short instability events such as spatter bursts, keyhole collapse, abnormal cooling, or localized 
overheating. Accuracy also depends on emissivity assumptions, optical-path contamination, sensor 
saturation, viewing angle, and reflected radiation, all of which can distort apparent temperature or 
radiant intensity. The large number of controllable and uncontrollable variables in selective laser 
melting makes standardized data definitions and traceable acquisition procedures essential for 
comparing builds and interpreting process signatures consistently (Nishat & Kaniz, 2022; Spears & 
Gold, 2016). Within the present study, Thermal-Process Data Quality and Integration therefore include 
measurement accuracy, sensor calibration, synchronization, accessibility, completeness, 
interoperability, and the linkage of thermal observations with process parameters and quality 
outcomes. When these conditions are established, statistical and physical models receive evidence from 
which abnormal thermal patterns can be separated from variation; when they are weak, even 
sophisticated prediction algorithms may produce unstable coefficients, false alarms, overlooked 
defects, or conclusions that cannot be transferred across machines, materials, operators, and cases.  
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Figure 3: Integrated Data and Energy Control Framework for Process-Instability Prediction 
 

 
 
 

Heat-Input Consistency and Energy Control describe the ability of an additive manufacturing system 
to deliver thermal energy in a repeatable and appropriate manner throughout scanning, deposition, 
and layer formation. Laser power, scan speed, hatch spacing, layer thickness, beam diameter, exposure 
time, pulse characteristics, and path sequence jointly determine the amount and distribution of energy 
absorbed by the material. Their effects are modified by powder absorptivity, packing density, surface 
condition, alloy composition, build geometry, substrate temperature, and heat dissipation. A stable 
nominal power setting does not guarantee stable thermal behavior because local geometry can change 
the conductive path and cause the same command to produce different melt-pool dimensions in thin 
walls, overhangs, corners, or large cross-sections. Online temperature-monitoring research showed that 
high-resolution optical and two-wavelength pyrometric measurements can detect deviations in 
brightness temperature, colour temperature, and focal-zone thermal response when process conditions 
vary (Chivel & Smurov, 2010; Badrul & Mominul, 2023). These measurements are useful only when the 
relationship between recorded radiation and actual process behavior is understood, since emissivity 
changes, plume interference, reflected laser energy, and optical contamination may affect the signal. 
Energy control consequently requires more than parameter selection before the build; it involves 
maintaining the intended thermal response as material, location, and geometry change. Process-
monitoring scholarship has emphasized that sensors become valuable for control when measured 
signatures are linked to controllable inputs and verified quality characteristics rather than merely 
stored as observational data (Tapia & Elwany, 2014). In this study, Heat-Input Consistency and Energy 
Control include power stability, scan-speed accuracy, appropriate parameter combinations, local 
adjustment, repeatability across layers, and prevention of underheating or overheating. Consistent 
energy delivery is expected to create interpretable thermal patterns, whereas uncontrolled variation 
can obscure causal relationships, shift the process between conduction and keyhole regimes, disturb 
solidification, and weaken the statistical association between monitored conditions and predicted 
instability.  
The interaction between data quality and energy control determines whether thermal behavior 
becomes dependable evidence for process-instability prediction. High-quality signals without 
controllable energy inputs may document disturbances but offer limited explanatory or corrective 
value. Conversely, carefully selected parameters without integrated monitoring may produce 
acceptable components in one build yet provide little evidence of equivalent thermal conditions across 
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layers, geometries, machines, or material batches. An effective framework therefore requires a closed 
informational chain linking commanded parameters, actual machine performance, measured thermal 
signatures, model estimates, and verified part characteristics. Reviews show that infrared imaging, 
pyrometry, photodiodes, visible cameras, acoustic methods, and layerwise inspection differ in the 
defects they can observe, the scales they represent, and their measurement reliability (Everton et al., 
2016). Integration should not mean collecting every signal. It should mean selecting complementary 
data that capture energy delivery, melt-pool response, surrounding thermal conditions, and resulting 
quality, then preserving their temporal and spatial relationships. Statistical preprocessing is also 
necessary to address noise, drift, outliers, missing observations, unequal sampling rates, and sensor-
specific units before correlation or regression models are estimated. In a cross-sectional case-study 
design, assessments of calibration, synchronization, accessibility, parameter stability, and control 
maturity can indicate how consistently these capabilities are implemented across operational settings. 
The relationship proposed in the present research assumes that better integrated data improve the 
visibility of abnormal thermal conditions, while consistent energy control reduces unexplained 
variability in those conditions. Together, they make instability signatures more repeatable and support 
stronger associations between measured predictors and Process-Instability Prediction Effectiveness. 
This combined perspective also prevents thermal data from being treated as detached numerical 
records and energy settings from being treated as fixed instructions; both are components of a 
coordinated control system that depends on measurement traceability, physical interpretation, 
operational discipline, and documented links between process behavior and manufactured quality 
overall.  
Thermal Gradients and Melt-Pool Stability 
Thermal gradients describe the spatial rate of temperature change within and around the melt pool, 
deposited track, previously solidified layers, substrate, and surrounding powder during additive 
manufacturing. They arise because a concentrated energy source heats a very small material volume to 
temperatures above melting while neighboring regions remain substantially cooler. The resulting 
difference creates rapid conductive heat flow away from the interaction zone and produces unequal 
expansion, contraction, and solidification across the component. The magnitude and direction of a 
thermal gradient are controlled by laser or electron-beam power, scanning speed, beam diameter, 
material conductivity, absorptivity, layer thickness, preheating temperature, scan strategy, build 
geometry, and the thermal contact between the component and substrate. Free surfaces and geometric 
edges are especially important because they reduce the amount of neighboring material available to 
conduct heat away. Analytical modeling of thin-wall deposition has shown that proximity to a free 
edge can alter melt-pool geometry even when the nominal process parameters remain unchanged, 
demonstrating that local geometry must be incorporated into any reliable representation of thermal 
behavior (Gockel et al., 2016). Large gradients also affect the relationship between the temperature 
gradient and solidification velocity, which governs grain morphology, microstructural directionality, 
and the consistency of material formation. Thermal-gradient management therefore involves 
maintaining an appropriate spatial distribution of heat rather than simply reducing the maximum 
temperature. Excessively steep gradients can intensify thermal stress and localized contraction, while 
gradients that become too small through excessive heat accumulation can enlarge the molten region, 
slow solidification, and encourage overheating. Experimental and macroscopic numerical analysis of 
selective electron-beam melting has further demonstrated that melt-pool lifetime increases 
approximately linearly with line energy, whereas melt-pool width and depth respond nonlinearly, 
confirming that apparently proportional changes in energy input do not produce proportionate 
thermal outcomes (Riedlbauer et al., 2017). These findings establish thermal gradients as dynamic, 
geometry-dependent indicators of heat redistribution that must be interpreted alongside melt-pool 
dimensions, material state, and temporal exposure.  
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Figure 4: Integrated Framework of Thermal Gradients, Heat Accumulation, and Melt-Pool 
Stability in Additive Manufacturing 

 

 
 
 

Heat accumulation refers to the progressive retention of thermal energy when a new scan vector or 
deposited layer begins before heat from earlier processing has fully dissipated. It is influenced by vector 
length, hatch spacing, scan sequence, interlayer delay, component height, local cross-sectional area, 
support configuration, substrate contact, and the thermal properties of the powder and consolidated 
material. At the beginning of a build, the substrate may provide a relatively effective heat sink, but the 
growing component can become increasingly separated from that sink as additional layers are added. 
Previously deposited regions then experience repeated thermal cycles in which their temperatures rise 
and fall several times, changing local microstructure and producing nonuniform thermal histories 
through the build height. Heat accumulation may be particularly pronounced in short scan vectors, 
narrow walls, overhangs, bridge sections, corners, and isolated features because the laser returns 
rapidly to nearby material or because conductive pathways are limited. Investigations of Ti-6Al-4V 
selective laser melting have connected power and scan-speed combinations with changes in melt-pool 
shape, porosity, and microstructural inhomogeneity, showing that low energy can leave irregular lack-
of-fusion pores while high energy can produce rounded pores associated with keyhole behavior and 
repeated thermal cycling (Dilip et al., 2017). Effective management requires attention to both the total 
supplied energy and the interval over which neighboring regions receive that energy. Longer cooling 
periods, altered scan order, island strategies, rotation of scan directions, platform preheating, adaptive 
power, and geometry-specific parameter adjustment can change how heat accumulates spatially and 
temporally. Constant parameters may not maintain a constant thermal state because heat flow changes 
as the laser moves from well-supported regions to areas with restricted conduction. Closed-loop 
experiments using pyrometric measurement have shown that geometry-related heat-flow variation 
produces measurable melt-pool temperature deviations and that a combined feedforward and 
feedback strategy can reduce those deviations substantially (Renken et al., 2019). Heat-accumulation 
management is therefore a continuous regulation problem involving the thermal memory of preceding 
vectors and layers, not a one-time parameter-selection task completed before manufacturing begins.  
Melt-pool stability represents the capacity of the molten region to maintain controlled temperature, 
width, depth, length, lifetime, surface shape, penetration, and fluid-flow behavior as the energy source 
moves through changing geometric and thermal conditions. A stable melt pool must absorb sufficient 
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energy to fuse the intended material volume and create continuous bonding without entering regimes 
characterized by incomplete melting, excessive evaporation, deep keyholing, violent oscillation, track 
breakup, or uncontrolled spatter. Stability is affected by the balance among absorbed power, scanning 
velocity, powder delivery, conduction into the surrounding solid, radiative and convective losses, 
latent heat, surface tension, viscosity, buoyancy, recoil pressure, and Marangoni circulation. Since these 
mechanisms act on short time and length scales, a melt pool can change rapidly even when machine 
commands appear constant. The same laser power and scanning speed may create different melt-pool 
responses at a corner, thin wall, overhang, or heat-affected region because the local temperature and 
conductive boundary conditions have changed. Melt-pool stability should therefore be evaluated as a 
controlled response variable rather than inferred solely from nominal settings or a combined energy-
density measure. Physics-based multivariable modeling has demonstrated that melt-pool geometry 
and temperature can be represented together and regulated through coordinated adjustment of laser 
power and scan speed, allowing a feedback controller to track reference trajectories instead of 
permitting thermal deviations to develop without correction (Wang et al., 2017). Within the proposed 
research, Melt-Pool Thermal Stability includes consistency of melt-pool temperature, dimensions, 
penetration, lifetime, and response to changing process conditions. Its relationship with Thermal-
Gradient and Heat-Accumulation Management is reciprocal: gradients and accumulated heat shape 
the melt pool, while melt-pool size and lifetime determine how much heat is transferred into adjacent 
tracks and underlying layers. A reliable process-instability model must consequently examine whether 
the system detects departures from stable melt-pool behavior early, links them to local thermal 
conditions, and distinguishes temporary signal variation from sustained movement toward lack of 
fusion, keyhole porosity, distortion, or other defect-generating regimes.  
Real-Time Thermal Monitoring and Modeling 
Cooling and solidification behavior determine how the molten region produced during additive 
manufacturing transforms into a stable track, layer, and final component. Cooling begins as soon as the 
moving heat source leaves a material point, although the rate of temperature reduction varies with 
laser or electron-beam power, scanning speed, layer thickness, hatch spacing, material conductivity, 
substrate temperature, component geometry, and the amount of heat retained from preceding scans. 
Rapid heat extraction commonly produces high cooling rates and steep thermal gradients, which 
influence nucleation, grain-growth direction, phase transformation, dendrite spacing, and the 
development of residual stress. Slower cooling can enlarge the heat-affected region, prolong melt-pool 
lifetime, and increase the possibility of heat accumulation, while excessively rapid cooling may 
promote brittle phases, fine martensitic structures, and strong directional solidification. The 
solidification behavior of Ti-6Al-4V produced by selective laser melting has shown that the interaction 
of scan strategy, local thermal history, and epitaxial growth can generate elongated prior-beta grains 
across multiple layers, while rapid cooling promotes a fine acicular martensitic alpha-prime structure 
within those grains (Thijs et al., 2010). This relationship illustrates that the final microstructure records 
the complete thermal history rather than only the peak temperature achieved during a single scan. 
Control of solidification therefore requires attention to temperature gradient, solidification velocity, 
cooling rate, melt-pool geometry, and the orientation of heat flow. Process mapping in electron-beam 
wire-feed additive manufacturing has further demonstrated that melt-pool cross-sectional area and 
aspect ratio can be linked with beta-grain size and morphology, allowing solidification outcomes to be 
interpreted through measurable melt-pool dimensions (Gockel et al., 2014). In the present research, 
Cooling and Solidification Behavior Control refers to the consistency with which the system manages 
cooling rates, phase transformation, thermal contraction, grain development, interlayer consolidation, 
and the transition from liquid metal to a structurally stable deposit. Instability becomes more likely 
when these conditions vary unpredictably between tracks, layers, or geometric regions because 
inconsistent solidification can produce nonuniform microstructures, weak interfaces, cracking 
susceptibility, residual stress, distortion, and changes in mechanical performance. Thermal modeling 
provides the analytical connection between process inputs and the cooling and solidification conditions 
that cannot be observed completely through surface measurements alone. A useful model must 
represent the moving heat source, temperature-dependent material properties, latent heat, heat 
conduction, convection, radiation, deposition sequence, changing geometry, and the repeated 
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reheating of previously solidified material.   
Figure 5: Integrated Framework of Cooling, Solidification, and Real-Time Thermal Monitoring for 

Process-Instability Prediction 
 

 
 
 

It must also estimate quantities that are difficult to measure directly, including local cooling rate, 
temperature gradient, solidification velocity, melt-pool lifetime, and the thermal cycles experienced 
beneath the visible surface. Three-dimensional heat-transfer and fluid-flow modeling of multilayer 
laser deposition has shown that melt-pool geometry, peak temperature, cooling rate, and solidification 
parameters vary spatially as successive layers are added and the thermal condition of the build evolves 
(Manvatkar et al., 2015). This spatial variation means that a model calibrated only at one location or 
one layer may fail to represent the thermal behavior of the full component. Modeling accuracy also 
depends on whether the governing assumptions match the physical process, particularly when 
convection within the melt pool, temperature-sensitive properties, powder-to-solid transitions, and 
local boundary conditions influence heat transfer. A coupled finite-element and phase-field 
investigation of Ti-6Al-4V selective laser melting found that changes in scanning speed alter the 
computed temperature gradient and cooling rate, which then affect columnar growth, dendritic 
development, and microsegregation during solidification (Ding et al., 2019). Such findings show that 
thermal models can connect macroscopic machine parameters with microscopic structural outcomes 
when information is transferred consistently across modeling scales. For process-instability prediction, 
modeling capability should therefore be evaluated through model calibration, validation against 
measured data, sensitivity to parameter changes, representation of geometry, computational 
timeliness, and the ability to distinguish stable solidification from defect-generating thermal 
conditions. A model that reproduces average temperatures but ignores rapid local transitions may 
overlook conditions associated with cracking, lack of fusion, excessive remelting, or abnormal grain 
formation. Thermal modeling is most informative when predicted temperature histories, cooling rates, 
gradients, and melt-pool dimensions are synchronized with process position and compared with 
physical measurements or post-build evidence.  
Real-Time Thermal Monitoring and Modeling Capability converts dynamic process behavior into 
evidence that can be used to identify instability while material is being deposited, melted, cooled, and 
solidified. Monitoring systems may employ infrared cameras, pyrometers, photodiodes, visible-light 
cameras, coaxial imaging, off-axis imaging, acoustic sensors, or combinations of these technologies. 
Their purpose is not simply to record radiation or images, but to extract interpretable features such as 
apparent temperature, melt-pool width, length, area, aspect ratio, cooling profile, plume intensity, 
spatter activity, and layerwise thermal distribution. Real-time usefulness depends on adequate 



International Journal of Scientific Interdisciplinary Research, December 2023, 485– 528 

501 
 

sampling frequency, spatial resolution, optical access, calibration, emissivity treatment, signal filtering, 
and synchronization with machine position and commanded parameters. Visual measurement 
research in laser direct metal deposition has shown that melt-pool boundaries can be identified in real 
time through image processing and threshold calibration, enabling accurate estimation of melt-pool 
width for process-quality control (Liu et al., 2021). This type of capability is important because melt-
pool dimensions respond rapidly to changes in energy input, powder delivery, substrate condition, 
geometry, and accumulated heat. A monitoring signal becomes more valuable when it is connected 
with a model that explains what the observed change means physically. For example, an increase in 
radiant intensity may indicate higher temperature, a larger emitting area, changed emissivity, plume 
interference, or a combination of these effects, so interpretation requires calibration and contextual 
information. The proposed construct therefore includes sensor availability, data-acquisition speed, 
feature extraction, model integration, anomaly detection, alert timeliness, and the technical competence 
needed to interpret the results. It also includes the capacity to compare measured behavior with 
expected thermal trajectories and to recognize sustained deviations associated with unstable cooling, 
keyhole formation, heat accumulation, or irregular solidification. Within the conceptual framework, 
Real-Time Thermal Monitoring and Modeling Capability is positioned as a direct predictor of Process-
Instability Prediction Effectiveness because it determines whether thermal disturbances are detected, 
analyzed, and classified with sufficient accuracy and speed. Cooling and solidification control provide 
the physical target of observation, while monitoring and modeling provide the measurement and 
analytical mechanisms through which that target is evaluated across successive tracks and layers.  
Theoretical Framework: Statistical Process Control Theory 
Statistical Process Control Theory provides the theoretical foundation for this study because it explains 
how process variation can be measured, interpreted, and controlled before it develops into 
unacceptable product variation. The theory distinguishes between common-cause variation, which 
arises from the normal structure of a process, and special-cause variation, which reflects identifiable 
disturbances that move the process away from its stable condition. Applied to additive manufacturing, 
this distinction is essential because every layer contains natural fluctuations in temperature, melt-pool 
dimensions, cooling rate, sensor response, powder distribution, and local heat flow, while abnormal 
changes may indicate insufficient fusion, excessive heat accumulation, keyhole formation, unstable 
solidification, or another defect-generating condition. Statistical Process Control does not assume that 
every deviation is a failure. Instead, it requires the establishment of an expected process pattern and 
the identification of observations that differ meaningfully from that pattern in magnitude, persistence, 
timing, or spatial location. This logic corresponds closely with thermal behavior modeling because the 
proposed framework seeks to determine whether thermal-process capabilities create stable and 
interpretable conditions from which instability can be predicted. Image-based statistical monitoring 
has demonstrated that high-dimensional video streams can be converted into indicators of in-control 
and out-of-control thermal behavior by incorporating temporal dependence and spatial relationships 
among pixels, which is particularly relevant for detecting localized overheating during layerwise 
production (Colosimo & Grasso, 2018). Sensor-based build-condition monitoring has similarly shown 
that photodetector, high-speed-camera, and thermal-camera signals can be transformed into process-
state evidence identifying locations with a greater probability of defect formation (Montazeri & Rao, 
2018). Within this research, process stability is represented by consistent heat input, manageable 
thermal gradients, repeatable melt-pool behavior, controlled cooling and solidification, and 
dependable monitoring outputs. Assignable disturbances are represented by abnormal thermal 
patterns that alter these conditions and reduce prediction effectiveness. Statistical Process Control 
Theory therefore supports the treatment of thermal instability as measurable process variation rather 
than as an unpredictable event. Applying Statistical Process Control Theory to additive manufacturing 
requires an expansion from conventional univariate measurements to multivariable, spatially 
distributed, and time-dependent data. Traditional control applications may monitor one dimension, 
weight, or pressure value, whereas additive manufacturing can generate thousands of observations 
from thermal cameras, photodiodes, pyrometers, machine logs, layer images, and parameter records. 
These observations are influenced by geometry, scan position, layer number, material state, sensor 
configuration, and the thermal memory created by preceding tracks and layers. The framework 
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therefore treats process control as a sequence connecting input conditions, process signatures, modeled 
thermal states, and quality-related outcomes. Thermal-Process Data Quality and Integration establish 
whether information entering the control system is accurate, calibrated, synchronized, complete, and 
linked to the correct processing event. Heat-Input Consistency and Energy Control describe whether 
commanded settings produce a repeatable thermal response. Thermal-Gradient and Heat-
Accumulation Management indicate whether spatial and temporal temperature differences remain 
manageable. 
 

Figure 6: Statistical Process Control Framework for Thermal Process Stability and Process-
Instability Prediction 

 

 
 
 

Melt-Pool Thermal Stability captures the repeatability of the immediate molten response, while Cooling 
and Solidification Behavior Control reflects the consistency of transformation into a consolidated track 
or layer. Real-Time Thermal Monitoring and Modeling Capability determines whether deviations are 
detected and interpreted reliably. Research using supervised learning and layerwise imaging has 
shown that in-process observations can be connected with post-build defect locations and classified 
into nominal and flawed conditions, supporting the statistical-control principle that a process signature 
should be evaluated against a defined reference state (Gobert et al., 2018). Profile-monitoring research 
has also demonstrated that complex additively manufactured geometries can be represented through 
measurable deviation profiles and monitored statistically rather than reduced to one isolated 
dimensional value (He et al., 2019). The principal formula selected for the whole study is the following 
multiple-regression model: 

𝑃𝐼𝑃𝐸𝑖 = 𝛽0 + 𝛽1𝑇𝑃𝐷𝑄𝐼𝑖 + 𝛽2𝐻𝐼𝐶𝐸𝐶𝑖 + 𝛽3𝑇𝐺𝐻𝐴𝑀𝑖 + 𝛽4𝑀𝑃𝑇𝑆𝑖 + 𝛽5𝐶𝑆𝐵𝐶𝑖 + 𝛽6𝑅𝑇𝑀𝑀𝐶𝑖 + 𝜀𝑖 
 
This equation is appropriate because it tests the complete conceptual system simultaneously and 
estimates the unique contribution of each predictor.  
In the regression equation, 𝑃𝐼𝑃𝐸represents Process-Instability Prediction Effectiveness for respondent 
or case 𝑖; 𝑇𝑃𝐷𝑄𝐼represents Thermal-Process Data Quality and Integration; 𝐻𝐼𝐶𝐸𝐶represents Heat-Input 
Consistency and Energy Control; 𝑇𝐺𝐻𝐴𝑀represents Thermal-Gradient and Heat-Accumulation 
Management; 𝑀𝑃𝑇𝑆represents Melt-Pool Thermal Stability; 𝐶𝑆𝐵𝐶represents Cooling and Solidification 
Behavior Control; and 𝑅𝑇𝑀𝑀𝐶represents Real-Time Thermal Monitoring and Modeling Capability. 
The intercept 𝛽0represents the expected value of prediction effectiveness when the predictor scores are 
zero, while 𝛽1through 𝛽6represent the estimated change in 𝑃𝐼𝑃𝐸associated with a one-unit increase in 
each predictor when the remaining variables are held constant. The residual term 𝜀𝑖represents variation 
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not explained by the six constructs. The model will be assessed through R, R², adjusted R², the analysis-
of-variance F statistic, standardized beta coefficients, t statistics, probability values, confidence 
intervals, tolerance values, and variance inflation factors. A significant positive coefficient will indicate 
that the corresponding capability strengthens the stability, observability, or interpretability required 
for predicting abnormal thermal behavior. The six hypotheses translate this theoretical reasoning into 
testable propositions by predicting positive effects from data integration, energy control, thermal-
gradient management, melt-pool stability, solidification control, and real-time monitoring capability. 
Statistical Process Control Theory also clarifies why reliability and validity are necessary. A poorly 
measured indicator cannot distinguish ordinary variation from a meaningful process shift, while a 
significant coefficient cannot be interpreted confidently when the underlying construct lacks 
consistency. Real-time infrared sensing has shown that temperature deviations can be analyzed 
statistically to detect introduced void and over-extrusion conditions, illustrating how a measurable 
thermal departure can function as an instability signal when the sensor arrangement and reference 
pattern are properly defined (Hossain et al., 2021). The present study transfers this control logic from 
individual machine signals to a cross-sectional system-level assessment. Likert-scale responses will 
measure the implementation of the proposed capabilities, descriptive statistics will establish their 
observed levels, correlation analysis will identify their relationships, and regression analysis will 
estimate their combined explanatory structure. Statistical Process Control Theory therefore connects 
the physical concept of thermal stability with the empirical procedures used throughout the research. 
Conceptual Framework and Hypothesis Development 
The conceptual framework of this study organizes thermal behavior modeling as a coordinated system 
in which six technical and organizational capabilities explain variation in Process-Instability Prediction 
Effectiveness. The framework begins with Thermal-Process Data Quality and Integration because every 
prediction depends on the accuracy, completeness, calibration, synchronization, and accessibility of the 
information supplied to the model. Thermal measurements must be connected with scan position, layer 
number, material condition, geometry, machine commands, and post-process evidence before they can 
represent the physical state of the build. High-speed infrared measurements of melt-pool length, 
cooling rate, substrate temperature, and build-volume temperature have demonstrated the importance 
of spatially and temporally resolved thermal evidence for model validation and interpretation of 
additive manufacturing behavior (Heigel et al., 2020). The second construct, Heat-Input Consistency 
and Energy Control, represents the stability of laser or electron-beam power, scanning velocity, 
exposure time, hatch spacing, and other settings that determine the amount and distribution of 
absorbed energy. The third construct, Thermal-Gradient and Heat-Accumulation Management, 
addresses the system’s ability to control spatial temperature differences, repeated reheating, interlayer 
heat retention, and geometry-dependent changes in heat dissipation. Melt-Pool Thermal Stability, the 
fourth construct, reflects the repeatability of melt-pool temperature, width, depth, length, lifetime, and 
fluid behavior. Cooling and Solidification Behavior Control, the fifth construct, concerns cooling-rate 
consistency, solidification-front behavior, thermal contraction, phase development, and interlayer 
consolidation. The sixth construct, Real-Time Thermal Monitoring and Modeling Capability, represents 
sensor coverage, data processing, model calibration, anomaly recognition, alert generation, and 
technical interpretation. Thermographic and optical-tomography measurements compared with 
computed-tomography evidence have shown that integrated in situ signals can identify process 
deviations and defect-related regions while also revealing risks of signal misinterpretation when data 
are not properly aligned or validated (Mohr et al., 2020). These six constructs are positioned as 
independent variables because each represents a capability expected to strengthen the visibility, 
stability, or interpretability of the thermal process, while Process-Instability Prediction Effectiveness 
serves as the dependent variable capturing the accuracy, timeliness, reliability, and consistency of 
detecting defect-generating conditions. The hypothesized relationships in the conceptual framework 
are based on the principle that process instability becomes more predictable when thermal inputs are 
controlled, internal responses are measured, and deviations are interpreted against a stable reference 
condition. H1 proposes that Thermal-Process Data Quality and Integration have a significant positive 
effect on Process-Instability Prediction Effectiveness because calibrated, synchronized, and complete 
data reduce uncertainty and allow abnormal patterns to be distinguished from measurement noise. H2 



International Journal of Scientific Interdisciplinary Research, December 2023, 485– 528 

504 
 

proposes that Heat-Input Consistency and Energy Control have a significant positive effect because 
repeatable energy delivery produces more consistent thermal responses and clearer relationships 
between commanded parameters and melt-pool behavior.   

 
Figure 7: Conceptual Framework of Thermal-Process Capabilities and Process-Instability 

Prediction Effectiveness 
 

 
 
 

H3 states that Thermal-Gradient and Heat-Accumulation Management have a significant positive effect 
because controlled heat redistribution limits unexplained variation caused by repeated scanning, 
changing geometry, and restricted conductive pathways. H4 proposes that Melt-Pool Thermal Stability 
has a significant positive effect because stable temperature and geometry provide recognizable 
baselines from which transitions toward undermelting, overmelting, spatter, or pore-forming regimes 
can be detected. Video-based monitoring combined with statistical process-control analysis has shown 
that changes in melt-pool and heat-affected-region characteristics can reveal undermelting, 
overmelting, and spatter events associated with localized defects and layer separation (Yang et al., 
2020). H5 proposes that Cooling and Solidification Behavior Control have a significant positive effect 
because repeatable cooling rates and phase-transformation conditions reduce irregular contraction, 
microstructural inconsistency, and defect uncertainty. H6 proposes that Real-Time Thermal Monitoring 
and Modeling Capability has a significant positive effect because rapid sensing, analysis, and feedback 
improve the identification of departures before they propagate through additional layers. Layerwise 
temperature-control research has demonstrated that online pyrometric feedback and controller-based 
adjustment can reduce melt-pool temperature variation and improve microstructural and 
microhardness uniformity relative to constant-parameter operation (Rezaeifar & Elbestawi, 2021). The 
hypotheses are directional because the framework predicts improvement rather than merely 
association. Each positive relationship also reflects a distinct control pathway: data quality improves 
evidential reliability, energy control improves input repeatability, gradient management improves 
heat-flow stability, melt-pool stability improves immediate process consistency, solidification control 
improves transformation consistency, and monitoring capability improves detection and 
interpretation.  
The conceptual framework is expressed mathematically through the functional relationship 𝑃𝐼𝑃𝐸 =
𝑓(𝑇, 𝑃, 𝐷, 𝑄, 𝐼, 𝐻𝐼𝐶𝐸𝐶𝑇𝐺𝐻𝐴𝑀𝑀𝑃𝑇𝑆𝐶𝑆𝐵𝐶𝑅𝑇𝑀𝑀𝐶), where 𝑃𝐼𝑃𝐸denotes Process-Instability Prediction 
Effectiveness; 𝑇𝑃𝐷𝑄𝐼denotes Thermal-Process Data Quality and Integration; 𝐻𝐼𝐶𝐸𝐶denotes Heat-Input 
Consistency and Energy Control; 𝑇𝐺𝐻𝐴𝑀denotes Thermal-Gradient and Heat-Accumulation 
Management; 𝑀𝑃𝑇𝑆denotes Melt-Pool Thermal Stability; 𝐶𝑆𝐵𝐶denotes Cooling and Solidification 
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Behavior Control; and 𝑅𝑇𝑀𝑀𝐶denotes Real-Time Thermal Monitoring and Modeling Capability. For 
empirical testing, this functional relationship is estimated through the following multiple-regression 
equation: 

𝑃𝐼𝑃𝐸𝑖 = 𝛽0 + 𝛽1𝑇𝑃𝐷𝑄𝐼𝑖 + 𝛽2𝐻𝐼𝐶𝐸𝐶𝑖 + 𝛽3𝑇𝐺𝐻𝐴𝑀𝑖 + 𝛽4𝑀𝑃𝑇𝑆𝑖 + 𝛽5𝐶𝑆𝐵𝐶𝑖 + 𝛽6𝑅𝑇𝑀𝑀𝐶𝑖 + 𝜀𝑖 
 
The subscript 𝑖identifies each respondent or case, 𝛽0is the constant, 𝛽1through 𝛽6are the partial 
regression coefficients, and 𝜀𝑖represents unexplained variation. Each construct will be measured with 
multiple five-point Likert-scale items and summarized through a composite score calculated as: 

𝑋̅𝑗 =

∑ 𝑋𝑗𝑘
𝑚

𝑘=1

𝑚
 

 
In this formula, 𝑋̅𝑗is the respondent’s mean score for construct 𝑗, 𝑋𝑗𝑘is the response to item 𝑘, and 𝑚is 

the number of items assigned to that construct. This operationalization enables descriptive statistics to 
determine implementation levels, Pearson correlation coefficients to measure bivariate association, and 
regression coefficients to estimate the unique contribution of each predictor while the remaining 
predictors are controlled. Supervised machine-learning research has shown that quantitatively defined 
track characteristics can serve as predictor inputs for classifying printability and identifying parameter 
combinations associated with defect-free formation, supporting the broader conceptual assumption 
that measurable process features can explain instability-related outcomes (Chen et al., 2020). Within the 
present cross-sectional study, statistical significance at 𝑝 < .05, positive coefficient direction, acceptable 
confidence intervals, and tolerable multicollinearity will guide hypothesis decisions. Model-level 
interpretation will use 𝑅2, adjusted 𝑅2, and the ANOVA 𝐹statistic, while standardized beta coefficients 
will compare the relative strength of the six constructs. The framework therefore translates complex 
thermal mechanisms into measurable relationships without treating them as isolated effects, preserving 
the understanding that instability prediction results from the combined quality of data, control, thermal 
response, solidification, and real-time analytical capability.  
METHODOLOGY 
This research has adopted a quantitative, cross-sectional, descriptive, explanatory, and case-study-
based design to investigate the influence of thermal behavior modeling capabilities on Process-
Instability Prediction Effectiveness in additive manufacturing systems. The quantitative design has 
enabled the study to measure the proposed constructs numerically, examine statistical relationships 
among the variables, and test the six hypotheses through descriptive statistics, Pearson correlation 
analysis, and multiple regression modeling. The cross-sectional approach has allowed the required data 
to be collected from relevant professionals during a defined period, while the explanatory design has 
supported the assessment of how Thermal-Process Data Quality and Integration, Heat-Input 
Consistency and Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-Pool 
Thermal Stability, Cooling and Solidification Behavior Control, and Real-Time Thermal Monitoring 
and Modeling Capability have affected Process-Instability Prediction Effectiveness. The case-study 
context has included selected additive manufacturing laboratories, engineering organizations, research 
centers, and industrial production facilities that have used metal additive manufacturing technologies 
such as laser powder-bed fusion, selective laser melting, electron-beam melting, and directed-energy 
deposition. These cases have represented operational environments in which thermal monitoring, melt-
pool control, process-parameter management, cooling and solidification assessment, defect detection, 
or thermal modeling activities have been performed. 
The study population has consisted of additive manufacturing engineers, mechanical engineers, 
materials engineers, production engineers, process-monitoring specialists, thermal-modeling 
professionals, machine operators, quality-control personnel, maintenance engineers, researchers, 
technical supervisors, and production managers. The individual professional has served as the unit of 
analysis because each respondent has possessed relevant experience or knowledge concerning additive 
manufacturing processes, thermal behavior, process control, or manufacturing instability. A 
combination of purposive and stratified sampling techniques has been used to recruit suitable 
participants.    
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Figure 8: Research methodology framework for evaluating thermal behavior modeling and 
process-instability prediction effectiveness in additive manufacturing systems 

 

 
 

Purposive sampling has ensured that only respondents with relevant technical or operational exposure 
have participated, while stratification has helped represent different professional roles, experience 
levels, organizational settings, and additive manufacturing technologies. Approximately 350 
questionnaires have been distributed with the objective of obtaining at least 300 complete and valid 
responses for statistical analysis. Data have been collected through a structured questionnaire 
administered electronically and, where possible, directly through participating organizations. 
Respondents have been informed about the academic purpose of the research, voluntary participation, 
confidentiality, anonymity, and their right to discontinue participation. The questionnaire has 
contained a demographic and professional-information section followed by measurement items for the 
six independent variables and the dependent variable. Each construct has been measured through five 
statements, producing approximately 35 measurement items, and responses have been recorded 
through a five-point Likert scale ranging from 1 for Strongly Disagree to 5 for Strongly Agree. The 
instrument has been developed from the conceptual framework, theoretical foundation, and 
established thermal-behavior literature. A pilot test has been conducted with approximately 30 
professionals who have shared characteristics with the intended respondents but have not been 
included in the final dataset. The pilot test has assessed questionnaire clarity, item wording, technical 
relevance, response consistency, completion time, and initial reliability. Feedback has been used to 
revise ambiguous, repetitive, or overly technical statements before the main data collection. Face and 
content validity have been established through review by academic researchers and professionals with 
expertise in additive manufacturing, thermal analysis, process monitoring, and quantitative research. 
Construct validity has been evaluated through inter-item relationships, factor suitability, and 
correlation patterns, while convergent and discriminant validity have been assessed to determine 
whether items have represented their intended constructs and remained sufficiently distinct from other 
variables. Internal consistency reliability has been evaluated through Cronbach’s alpha, with 
coefficients of .70 or above having been treated as acceptable. The collected data have been screened 
for missing values, outliers, normality, skewness, kurtosis, multicollinearity, and independence of 



International Journal of Scientific Interdisciplinary Research, December 2023, 485– 528 

507 
 

residuals before hypothesis testing. IBM SPSS Statistics has been used for data coding, cleaning, 
descriptive analysis, reliability testing, Pearson correlation analysis, analysis of variance, and multiple 
regression modeling. Microsoft Excel has been used for preliminary organization, response tracking, 
and tabulation, while EndNote has been used to organize references, remove duplicate sources, and 
maintain APA seventh-edition citation and reference accuracy. The combined methodology has 
provided a structured basis for evaluating the proposed thermal behavior model and determining the 
individual and collective statistical contributions of the six predictors to Process-Instability Prediction 
Effectiveness. 
DATA ANALYSIS AND PRESENTATION 
Questionnaire Distribution and Response Rate 

 
Table 1: Questionnaire Distribution and Response Rate 

 

Questionnaire Status Frequency  Percentage 

Questionnaires distributed 350  100.00 

Questionnaires returned 329  94.00 

Incomplete or unusable questionnaires 17  4.86 

Valid questionnaires retained 312  89.14 

Unreturned questionnaires 21  6.00 

 
Table 1 has presented the questionnaire distribution, retrieval, screening, and final response profile of 
the study. A total of 350 questionnaires have been distributed among professionals with knowledge 
and experience related to additive manufacturing, thermal-process management, melt-pool 
monitoring, process control, quality assurance, materials engineering, and manufacturing-system 
operations. Of the 350 questionnaires distributed, 329 have been returned, producing a gross return 
rate of 94.00 percent. During the screening process, 17 returned questionnaires have been excluded 
because they have contained substantial missing information, patterned responses, incomplete Likert-
scale sections, or insufficient evidence that the respondents have possessed relevant additive 
manufacturing experience. Consequently, 312 questionnaires have been retained for the final analysis, 
producing an effective response rate of 89.14 percent. This response level has provided an adequate 
quantitative basis for descriptive statistics, reliability and validity assessment, Pearson correlation 
analysis, and multiple regression modeling. The sample has also exceeded the minimum requirement 
for a regression model containing six independent variables because the number of valid observations 
has provided sufficient cases per predictor. The high effective response rate has reduced the likelihood 
that the findings have been seriously distorted by nonresponse and has strengthened the 
representativeness of the selected professional cases. The data-collection objective has therefore been 
achieved because the research has obtained a sufficiently large dataset from respondents who have 
been directly involved in thermal monitoring, process-parameter management, additive 
manufacturing production, engineering analysis, or quality control. From the perspective of Statistical 
Process Control Theory, dependable process evaluation has required an adequate number of 
observations from which stable patterns and unusual variations can be distinguished. The valid sample 
of 312 respondents has supplied a broad evidence base for assessing whether thermal-data quality, 
energy consistency, thermal-gradient management, melt-pool stability, cooling and solidification 
control, and real-time modeling capability have contributed to Process-Instability Prediction 
Effectiveness. The high response rate has also supported the credibility of subsequent hypothesis 
testing because the regression coefficients have been estimated from a substantial and technically 
relevant sample rather than from a small or highly incomplete group of participants. 
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Demographic and Professional Profile of Respondents 
 

Table 2: Demographic and Professional Profile of Respondents 
 

Profile Category Classification Frequency Percentage 

Professional role Additive manufacturing engineers 62 19.87 

 Materials and metallurgical engineers 48 15.38 

 Production and process engineers 45 14.42 

 Quality-control professionals 38 12.18 

 Machine operators and technicians 36 11.54 

 Thermal-modeling and monitoring specialists 31 9.94 

 Researchers and academic specialists 29 9.29 

 Managers and maintenance professionals 23 7.37 

Professional experience Less than 3 years 47 15.06 

 3–5 years 76 24.36 

 6–10 years 91 29.17 

 11–15 years 58 18.59 

 More than 15 years 40 12.82 

Primary AM process Laser powder-bed fusion 128 41.03 

 Directed-energy deposition 64 20.51 

 Electron-beam melting 42 13.46 

 Hybrid or multiple AM processes 46 14.74 

 Other metal AM processes 32 10.26 

Organizational setting Industrial manufacturing facility 120 38.46 

 Research center 70 22.44 

 University laboratory 56 17.95 

 Equipment, software, or sensor provider 38 12.18 

 Quality-testing or consultancy organization 28 8.97 

 
Table 2 has shown that the sample has included respondents from a wide range of professional roles, 
experience levels, additive manufacturing technologies, and organizational environments. Additive 
manufacturing engineers have represented the largest professional group, accounting for 19.87 percent 
of the valid sample, followed by materials and metallurgical engineers at 15.38 percent and production 
and process engineers at 14.42 percent. Quality-control personnel, machine operators, thermal-
modeling specialists, researchers, managers, and maintenance professionals have also been 
represented. This distribution has ensured that the study has incorporated technical, operational, 
analytical, managerial, and quality-related perspectives rather than relying on one professional 
category. In terms of experience, 29.17 percent of respondents have reported between six and ten years 
of professional experience, while 24.36 percent have reported three to five years. More than 31 percent 
have possessed over ten years of experience, indicating that a substantial proportion of the participants 
have developed extensive knowledge of manufacturing variation, thermal-process behavior, defect 
formation, and process-control practices. Laser powder-bed fusion has been the most frequently 
represented technology, accounting for 41.03 percent of respondents, while directed-energy deposition, 
electron-beam melting, hybrid processes, and other metal additive manufacturing techniques have also 
been included. The organizational profile has shown that 38.46 percent of respondents have worked in 
industrial manufacturing facilities, while the remaining participants have represented research centers, 
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university laboratories, technology providers, testing organizations, and consultancies. This diversity 
has strengthened the case-study basis of the research by capturing thermal behavior modeling across 
different operational settings. Statistical Process Control Theory has emphasized that process variation 
should be interpreted within its operating context because the sources and consequences of variation 
may differ by machine, technology, material, and organizational capability. The demographic 
distribution has therefore supported the study objectives by ensuring that the assessments of thermal-
data quality, heat-input consistency, thermal gradients, melt-pool behavior, cooling control, and real-
time monitoring have been derived from respondents who have observed these conditions in multiple 
additive manufacturing environments. The profile has also reduced the risk that the results have 
reflected only one machine type, one professional role, or one institutional setting. 
Data Screening and Preliminary Statistical Assessment 

 
Table 3: Data Screening and Preliminary Statistical Assessment 

 

Screening Indicator Observed Result Recommended Criterion Decision 

Missing responses Less than 1.00% Less than 5.00% Acceptable 

Standardized residual 
range 

−2.86 to 2.94 Within ±3.29 Acceptable 

Skewness range −0.81 to −0.34 Within ±2.00 Acceptable 

Kurtosis range −0.62 to 1.08 Within ±2.00 Acceptable 

Mahalanobis-distance 
inspection 

No influential multivariate 
outliers 

No extreme influential cases Acceptable 

Durbin-Watson statistic 1.94 Approximately 1.50–2.50 Acceptable 

Tolerance range .459–.704 Greater than .10 Acceptable 

Variance inflation factor 
range 

1.42–2.18 Less than 5.00 Acceptable 

Linearity and 
homoscedasticity 

No serious violation 
identified 

Approximately linear and 
constant variance 

Acceptable 

 
Table 3 has summarized the preliminary statistical screening that has been completed before the 
reliability, correlation, and regression analyses. Missing responses have remained below 1.00 percent 
of the total item-level observations, which has been substantially lower than the commonly accepted 
threshold of 5.00 percent. The small number of isolated missing responses has not created a systematic 
pattern and has therefore not threatened the completeness of the dataset. The standardized residuals 
have ranged from −2.86 to 2.94, remaining within the acceptable boundary of ±3.29 and indicating that 
no serious univariate outlier problem has been present. Skewness values have ranged from −0.81 to 
−0.34, while kurtosis values have ranged from −0.62 to 1.08. These results have shown that the construct 
scores have approximated normal distributions and have been appropriate for parametric statistical 
procedures. Mahalanobis-distance inspection has not identified influential multivariate cases requiring 
removal. The Durbin-Watson statistic has reached 1.94, indicating that the regression residuals have 
remained independent and that autocorrelation has not affected the model. Tolerance values have 
ranged from .459 to .704, while variance inflation factor values have ranged from 1.42 to 2.18. These 
values have demonstrated that the six independent variables have been related but have not measured 
the same concept so strongly that multicollinearity has distorted their unique regression effects. 
Scatterplot inspection has also indicated that the relationships have been approximately linear and that 
the residual variance has remained sufficiently constant across predicted values. The statistical 
assumptions required for Pearson correlation and multiple regression have therefore been satisfied. 
This preliminary assessment has supported the study objective of determining the individual and 
collective contributions of the six thermal-behavior constructs because valid coefficient estimation has 
required complete, normally distributed, independent, and nonredundant data. The results have also 
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reflected the logic of Statistical Process Control Theory, which has required the distinction between 
meaningful process variation and irregularity generated by measurement error or extreme 
observations. By screening missing data, residuals, distribution shape, and predictor overlap, the study 
has ensured that the detected statistical relationships have represented systematic patterns in 
respondent assessments rather than uncontrolled abnormalities in the dataset. 
Reliability and Validity Analysis of the Measurement Constructs 

 
Table 4: Reliability and Validity of the Measurement Constructs 

 

Construct Items 
Cronbach’s 

Alpha 
Composite 
Reliability 

AVE 
Factor-Loading 

Range 

Thermal-Process Data Quality and 
Integration 

5 .901 .924 .710 .79–.88 

Heat-Input Consistency and Energy 
Control 

5 .884 .913 .678 .76–.86 

Thermal-Gradient and Heat-
Accumulation Management 

5 .867 .902 .648 .74–.85 

Melt-Pool Thermal Stability 5 .914 .934 .739 .81–.90 

Cooling and Solidification Behavior 
Control 

5 .831 .879 .594 .70–.82 

Real-Time Thermal Monitoring and 
Modeling Capability 

5 .895 .921 .701 .78–.88 

Process-Instability Prediction 
Effectiveness 

5 .908 .930 .726 .80–.89 

Additional validity statistics: KMO = .902; Bartlett’s Test of Sphericity, χ²(595) = 4,582.63, p < .001. 
 
Table 4 has demonstrated that the measurement instrument has achieved acceptable reliability and 
validity across all seven constructs. Cronbach’s alpha coefficients have ranged from .831 to .914, 
exceeding the minimum acceptable level of .70. Melt-Pool Thermal Stability has recorded the highest 
internal consistency at .914, followed by Process-Instability Prediction Effectiveness at .908 and 
Thermal-Process Data Quality and Integration at .901. Cooling and Solidification Behavior Control has 
produced the lowest alpha value at .831, although this result has remained well above the required 
threshold. Composite reliability values have ranged from .879 to .934, confirming that the sets of 
questionnaire items have measured their intended constructs consistently. Average variance extracted 
values have ranged from .594 to .739 and have exceeded the recommended minimum of .50, 
demonstrating that each construct has explained more than half of the variance in its indicators. Factor 
loadings have ranged from .70 to .90, showing that every measurement item has contributed 
meaningfully to its assigned variable. The Kaiser-Meyer-Olkin value of .902 has indicated excellent 
sampling adequacy, while Bartlett’s Test of Sphericity has been statistically significant, χ²(595) = 
4,582.63, p < .001. These results have confirmed that the item correlations have been sufficiently strong 
for construct-level analysis. The reliability and validity results have supported all research objectives 
because the subsequent descriptive, correlation, and regression findings have depended on the accurate 
measurement of the proposed thermal capabilities. Statistical Process Control Theory has required 
valid and consistent indicators because unstable measurement systems can incorrectly classify normal 
variation as a special cause or overlook an actual process shift. The strong alpha, composite reliability, 
and factor-loading results have indicated that the questionnaire has provided a dependable 
representation of thermal-data integration, energy control, gradient management, melt-pool stability, 
cooling control, monitoring capability, and prediction effectiveness. The measurement model has 
therefore established an appropriate foundation for testing H1 through H6. The findings have also 
shown that the independent constructs have remained conceptually related while retaining sufficient 
measurement distinction, supporting their simultaneous inclusion in the multiple regression model. 
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Descriptive Statistics of Thermal-Process Data Quality and Integration 
 

Table 5: Descriptive Statistics of Thermal-Process Data Quality and Integration 
 

Measurement Item Mean SD Rank Interpretation 

Thermal sensors and measurement devices have been calibrated 
regularly 

4.18 .61 1 High 

Thermal records have been sufficiently complete for process analysis 4.15 .63 2 High 

Thermal observations have been synchronized with scan position 
and layer data 

4.14 .65 3 High 

Thermal and machine-parameter data have been integrated and 
accessible 

4.10 .67 4 High 

Emissivity and surface-condition changes have been compensated 
consistently 

4.03 .72 5 High 

Overall construct 4.12 .54  High 

 
Table 5 has shown that Thermal-Process Data Quality and Integration have achieved an overall mean 
of 4.12 and a standard deviation of .54, indicating a high level of agreement among respondents. 
Regular calibration of thermal sensors and measurement devices has recorded the highest item mean 
of 4.18, suggesting that participating organizations have generally established procedures for 
maintaining measurement accuracy. The completeness of thermal records has followed with a mean of 
4.15, while synchronization of thermal observations with scan position and layer information has 
obtained a mean of 4.14. These findings have indicated that respondents have viewed thermal 
information as sufficiently available and connected to relevant manufacturing events. Integration and 
accessibility of thermal and machine-parameter data have produced a mean of 4.10, showing that 
organizations have generally combined process commands with monitoring outputs rather than 
maintaining them as entirely separate information streams. Compensation for emissivity and changing 
surface conditions has received the lowest item mean of 4.03. Although this score has remained within 
the high category, it has identified a relative weakness because radiation-based temperature 
measurements can become less reliable when surface properties, viewing conditions, oxidation, or 
plume interference have changed. The overall result has supported the first specific objective, which 
has sought to assess the influence of Thermal-Process Data Quality and Integration on Process-
Instability Prediction Effectiveness. It has also provided descriptive support for H1 by showing that 
respondents have recognized the strong implementation of the informational capabilities required for 
instability detection. Under Statistical Process Control Theory, a process-control system has depended 
on a measurement system capable of representing actual variation accurately. Poor calibration, 
incomplete records, or unsynchronized signals can create false indications of instability or conceal 
assignable thermal disturbances. The high construct mean has therefore indicated that the participating 
cases have generally possessed a reliable informational foundation for distinguishing expected 
variation from abnormal thermal behavior. The standard deviation of .54 has shown moderate 
agreement across respondents and has indicated that assessments have not been excessively dispersed. 
This construct has later demonstrated a strong positive correlation with Process-Instability Prediction 
Effectiveness and has remained one of the strongest predictors in the regression analysis. 
Descriptive Statistics of Heat-Input Consistency and Energy Control 
Table 6 has indicated that Heat-Input Consistency and Energy Control have recorded an overall mean 
of 4.05 and a standard deviation of .58. Stability of laser or beam power has achieved the highest mean 
of 4.13, showing that respondents have generally perceived the primary energy source as consistent 
during additive manufacturing operations. Accurate control of scan speed, hatch spacing, and exposure 
settings has obtained a mean of 4.09, while repeatability of energy delivery across tracks and layers has 
reached 4.07. These results have suggested that the selected cases have maintained a relatively strong 
level of command over the principal parameters determining absorbed heat and melt-pool formation. 
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Table 6: Descriptive Statistics of Heat-Input Consistency and Energy Control 

 

Measurement Item Mean SD Rank Interpretation 

Laser or beam power has remained stable during processing 4.13 .62 1 High 

Scan speed, hatch spacing, and exposure settings have been 
controlled accurately 

4.09 .64 2 High 

Energy delivery has remained repeatable across tracks and layers 4.07 .66 3 High 

Underheating and overheating conditions have been identified and 
controlled 

4.00 .71 4 High 

Energy settings have been adjusted effectively for geometry-specific 
conditions 

3.96 .74 5 High 

Overall construct 4.05 .58  High 

 
Identification and control of underheating and overheating have received a mean of 4.00. Geometry-
specific adjustment of energy settings has recorded the lowest mean of 3.96, revealing that corners, thin 
walls, overhangs, scan-turning points, and changing cross-sectional areas have remained more difficult 
to manage than uniform regions. The overall high result has fulfilled the second study objective by 
measuring the implementation of heat-input consistency and has supplied descriptive evidence 
supporting H2. Statistical Process Control Theory has treated stable inputs as an essential condition for 
interpreting process outputs. When power, speed, exposure time, or energy distribution has varied 
unpredictably, changes in thermal signatures cannot be attributed confidently to the material, 
geometry, or another assignable cause. The high construct mean has shown that energy-delivery 
variation has generally remained controlled, making melt-pool and thermal-response data more 
interpretable. The standard deviation of .58 has indicated reasonable agreement among respondents, 
although the lower geometry-adjustment item has suggested that the same parameter set has not 
always maintained an identical thermal state throughout complex components. This pattern has 
aligned with the introductory findings, which have identified geometry-specific energy adjustment as 
an area requiring improvement. The result has also explained why Heat-Input Consistency and Energy 
Control have later shown a strong positive correlation with Process-Instability Prediction Effectiveness 
and a statistically significant standardized regression effect. Stable energy input has enabled the 
process to develop a recognizable baseline from which abnormal heating, insufficient fusion, or 
transition toward keyhole behavior has been detected. 
Descriptive Statistics of Thermal-Gradient and Heat-Accumulation Management 

 
Table 7: Descriptive Statistics of Thermal-Gradient and Heat-Accumulation Management 

 

Measurement Item Mean SD Rank Interpretation 

Temperature differences across the build have been monitored 
systematically 

4.07 .66 1 High 

Interlayer temperature and repeated reheating have been managed 
effectively 

4.02 .69 2 High 

Local heat accumulation has been detected before serious instability 
has developed 

3.98 .72 3 High 

Scan strategy and sequence have been used to distribute heat more 
evenly 

3.93 .75 4 High 

Cooling intervals have been adapted consistently to complex local 
geometries 

3.85 .79 5 High 

Overall construct 3.97 .62  High 
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Table 7 has shown that Thermal-Gradient and Heat-Accumulation Management have achieved an 
overall mean of 3.97 and a standard deviation of .62. Systematic monitoring of temperature differences 
across the build has produced the highest item mean of 4.07, indicating that the participating 
organizations have generally recognized the need to assess spatial thermal variation rather than relying 
only on one temperature measurement. Management of interlayer temperature and repeated reheating 
has recorded a mean of 4.02, while detection of local heat accumulation before the development of 
serious instability has achieved 3.98. These results have suggested that the selected cases have 
established relatively strong practices for observing thermal memory across successive tracks and 
layers. The use of scan strategy and sequence to distribute heat more evenly has obtained a mean of 
3.93. Adaptation of cooling intervals to complex local geometries has received the lowest score of 3.85, 
indicating that dynamic control of heat dissipation has remained less mature than general temperature 
observation. The overall result has remained within the high category but has been lower than the 
means recorded for Thermal-Process Data Quality, Heat-Input Consistency, and Melt-Pool Thermal 
Stability. This pattern has aligned with the introductory result profile, which has identified thermal-
gradient management as a positive but comparatively less developed capability. The third research 
objective has therefore been achieved by measuring the extent to which temperature differences and 
accumulated heat have been controlled. The high score has provided descriptive support for H3, which 
has proposed that Thermal-Gradient and Heat-Accumulation Management positively affects Process-
Instability Prediction Effectiveness. Statistical Process Control Theory has provided a relevant 
interpretation because repeated heating and geometry-dependent heat retention can shift the process 
mean or increase variability even when the commanded machine parameters have remained 
unchanged. Monitoring and managing these shifts have helped distinguish stable thermal cycling from 
special-cause variation associated with local overheating, excessive remelting, residual stress, or 
distortion. The standard deviation of .62 has reflected somewhat greater variation among respondents 
than the earlier constructs, indicating that the maturity of heat-accumulation management has differed 
across organizations, technologies, and component geometries. The construct has later demonstrated a 
significant positive correlation and regression coefficient, confirming that more effective heat-flow 
management has strengthened instability prediction. 
Descriptive Statistics of Melt-Pool Thermal Stability 

 
Table 8: Descriptive Statistics of Melt-Pool Thermal Stability 

 

Measurement Item Mean SD Rank Interpretation 

Melt-pool temperature has remained sufficiently stable during 
processing 

4.17 .60 1 High 

Melt-pool width, depth, and length have been maintained 
consistently 

4.13 .62 2 High 

Transitions toward keyhole or lack-of-fusion conditions have been 
detected 

4.10 .65 3 High 

Melt-pool oscillation and abnormal fluid behavior have been 
monitored 

4.06 .68 4 High 

Track continuity has been maintained during geometric and thermal 
changes 

3.99 .71 5 High 

Overall construct 4.09 .56  High 

 
Table 8 has demonstrated that Melt-Pool Thermal Stability has obtained an overall mean of 4.09 and a 
standard deviation of .56, representing the second-highest mean among the six independent constructs. 
Stability of melt-pool temperature has recorded the highest item mean of 4.17, indicating that 
respondents have generally perceived the molten region as thermally controllable during processing. 
Consistency of melt-pool width, depth, and length has achieved a mean of 4.13, while the detection of 
transitions toward keyhole or lack-of-fusion conditions has reached 4.10. Monitoring of melt-pool 
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oscillation and abnormal fluid behavior has produced a mean of 4.06. Maintenance of track continuity 
during geometric and thermal changes has obtained the lowest item mean of 3.99, although it has 
remained within the high interpretation category. These results have shown that the participating 
organizations have possessed relatively strong capabilities for observing and maintaining the 
immediate thermal response of the material. The fourth research objective has been achieved by 
evaluating whether melt-pool stability has been established consistently across temperature, geometry, 
flow behavior, and track development. The result has supplied strong descriptive support for H4. 
Under Statistical Process Control Theory, the melt pool has functioned as a central process-response 
variable because abnormal changes in its temperature, dimensions, or oscillation can represent special-
cause variation preceding porosity, spatter, balling, keyhole collapse, or incomplete fusion. A stable 
melt-pool profile has created a recognizable baseline, while sustained deviations from that profile have 
provided evidence of developing instability. The relatively low standard deviation of .56 has indicated 
substantial agreement among respondents and has suggested that melt-pool stability has been 
recognized widely as an important condition for dependable additive manufacturing. The high mean 
has also aligned with the subsequent correlation and regression results, in which Melt-Pool Thermal 
Stability has emerged as the strongest predictor of Process-Instability Prediction Effectiveness. This 
finding has indicated that respondents have viewed the immediate behavior of the molten region as 
the most direct and informative expression of whether the thermal process has remained under 
statistical control or has begun moving toward a defect-generating regime. 
Descriptive Statistics of Cooling and Solidification Behavior Control 

 
Table 9: Descriptive Statistics of Cooling and Solidification Behavior Control 

 

Measurement Item Mean SD Rank Interpretation 

Solidification behavior has remained sufficiently uniform across 
layers 

4.01 .69 1 High 

Cooling conditions have supported consistent interlayer 
consolidation 

3.97 .71 2 High 

Thermal contraction and distortion have been monitored and 
controlled 

3.93 .74 3 High 

Cooling-rate variation has been included in process assessment 3.88 .77 4 High 

Local cooling rates have been measured directly and consistently 3.76 .82 5 High 

Overall construct 3.91 .64  High 

 
Table 9 has shown that Cooling and Solidification Behavior Control have recorded an overall mean of 
3.91 and a standard deviation of .64. Uniformity of solidification behavior across layers has obtained 
the highest item mean of 4.01, indicating that respondents have generally perceived the transition from 
molten material to solid tracks and layers as controlled. Cooling conditions supporting consistent 
interlayer consolidation have achieved a mean of 3.97, while monitoring and control of thermal 
contraction and distortion have reached 3.93. Inclusion of cooling-rate variation in process assessment 
has produced a mean of 3.88. Direct and consistent measurement of local cooling rates has recorded the 
lowest item mean of 3.76 and has represented the lowest individual item among the six independent 
constructs. This pattern has indicated that organizations have commonly inferred cooling behavior 
from thermal histories, melt-pool signals, or process parameters rather than measuring local cooling 
rates directly at every critical position. The overall construct has remained high, although it has 
produced the lowest independent-variable mean in the study. The fifth objective has therefore been 
achieved by identifying both the existing strength of cooling and solidification control and the relative 
limitations associated with direct cooling-rate measurement. The result has provided descriptive 
support for H5, but it has also explained why Cooling and Solidification Behavior Control have later 
produced the smallest standardized regression coefficient.   
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Statistical Process Control Theory has treated consistent cooling and solidification as indicators that the 
process has remained within a stable thermal operating range. Large or irregular variations in cooling 
rate can shift microstructure, thermal contraction, residual stress, and interlayer bonding even when 
the melt-pool signal initially appears acceptable. Monitoring these variations has therefore helped 
identify delayed or subsurface consequences of thermal instability. The standard deviation of .64 has 
indicated that cooling-control maturity has varied across the selected cases, probably because direct 
measurement has required specialized sensors, high temporal resolution, and validated thermal 
models. Nevertheless, the construct has maintained a positive and statistically significant association 
with Process-Instability Prediction Effectiveness, confirming that controlled solidification and cooling 
have contributed meaningfully to the identification of abnormal process behavior. 
Descriptive Statistics of Real-Time Thermal Monitoring and Modeling Capability 

 
Table 10: Descriptive Statistics of Real-Time Thermal Monitoring and Modeling Capability 

 

Measurement Item Mean SD Rank Interpretation 

Thermal sensors have captured process conditions in real time 4.11 .64 1 High 

Monitoring systems have generated timely warnings of abnormal 
conditions 

4.08 .67 2 High 

Thermal models have represented melt-pool and heat-transfer 
behavior accurately 

4.03 .70 3 High 

Monitoring outputs have supported rapid operational decisions 3.95 .73 4 High 

Models have transferred effectively across machines, materials, and 
geometries 

3.88 .78 5 High 

Overall construct 4.01 .60  High 

 
Table 10 has indicated that Real-Time Thermal Monitoring and Modeling Capability has achieved an 
overall mean of 4.01 and a standard deviation of .60. Real-time capture of thermal-process conditions 
has recorded the highest item mean of 4.11, showing that participating organizations have generally 
deployed sensors capable of observing the manufacturing process during material melting, deposition, 
cooling, and solidification. Timely warning of abnormal conditions has obtained a mean of 4.08, while 
the perceived accuracy of models representing melt-pool and heat-transfer behavior has reached 4.03. 
The use of monitoring outputs to support rapid operational decisions has recorded a mean of 3.95. 
Transferability of thermal models across different machines, materials, and geometries has produced 
the lowest item mean of 3.88. This result has shown that real-time monitoring capability has been 
relatively strong, while the generalization of models beyond the environments in which they have been 
calibrated has remained more challenging. The sixth research objective has been achieved by 
determining the implementation level of sensing, modeling, warning, and decision-support 
capabilities. The overall high mean has provided descriptive support for H6. Statistical Process Control 
Theory has required timely information because delayed detection allows an assignable cause to 
influence additional tracks and layers before corrective action has occurred. Real-time sensors and 
models have converted thermal behavior into process indicators that can be compared with expected 
control patterns. When a measured temperature, melt-pool dimension, or cooling profile has departed 
significantly from its reference state, monitoring systems have provided evidence that the process may 
no longer have remained under control. The standard deviation of .60 has indicated reasonable 
agreement across respondents, although model transferability and immediate operational use have 
varied among organizations. These lower items have aligned with the introductory findings, which 
have identified cross-machine model transfer and rapid corrective action as areas of relative weakness. 
The construct has later shown a strong positive correlation with Process-Instability Prediction 
Effectiveness and has emerged as the third-strongest regression predictor.   
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The result has therefore demonstrated that prediction effectiveness has depended not only on the 
existence of thermal data but also on the capability to process, model, interpret, and communicate that 
data while manufacturing has remained active. 
Correlation Analysis among the Study Variables 

 
Table 11: Means, Standard Deviations, and Pearson Correlations among the Study Variables 

 

Variable Mean SD 1 2 3 4 5 6 7 

1. TPDQI 4.12 .54 1.00       

2. HICEC 4.05 .58 .58*** 1.00      

3. TGHAM 3.97 .62 .55*** .61*** 1.00     

4. MPTS 4.09 .56 .64*** .60*** .57*** 1.00    

5. CSBC 3.91 .64 .49*** .52*** .63*** .56*** 1.00   

6. RTMMC 4.01 .60 .62*** .55*** .54*** .66*** .48*** 1.00  

7. PIPE 4.07 .57 .72*** .68*** .65*** .74*** .61*** .70*** 1.00 

Note. TPDQI = Thermal-Process Data Quality and Integration; HICEC = Heat-Input Consistency and 
Energy Control; TGHAM = Thermal-Gradient and Heat-Accumulation Management; MPTS = Melt-
Pool Thermal Stability; CSBC = Cooling and Solidification Behavior Control; RTMMC = Real-Time 
Thermal Monitoring and Modeling Capability; PIPE = Process-Instability Prediction Effectiveness. ***p 
< .001. 
 
Table 11 has presented the descriptive characteristics and Pearson correlations among the seven study 
variables. Process-Instability Prediction Effectiveness has recorded an overall mean of 4.07 and a 
standard deviation of .57, indicating that respondents have generally agreed that their thermal systems 
have supported accurate, timely, reliable, and consistent identification of unstable processing 
conditions. All six independent variables have demonstrated positive and statistically significant 
relationships with the dependent variable at p < .001. Melt-Pool Thermal Stability has shown the 
strongest bivariate relationship with Process-Instability Prediction Effectiveness, r = .74, indicating that 
higher stability of melt-pool temperature, dimensions, and behavior has been associated with greater 
prediction effectiveness. Thermal-Process Data Quality and Integration have shown the second-
strongest relationship, r = .72, followed by Real-Time Thermal Monitoring and Modeling Capability, r 
= .70. Heat-Input Consistency and Energy Control have achieved r = .68, Thermal-Gradient and Heat-
Accumulation Management have produced r = .65, and Cooling and Solidification Behavior Control 
have recorded r = .61. These results have supplied preliminary statistical support for H1 through H6 
because every proposed predictor has been related positively to the outcome variable. Correlations 
among the independent variables have ranged from .48 to .66, showing that the constructs have been 
connected as parts of an integrated thermal-control system while remaining sufficiently distinct for 
regression modeling. The strongest predictor-to-predictor correlation has occurred between Melt-Pool 
Thermal Stability and Real-Time Thermal Monitoring and Modeling Capability, r = .66, reflecting the 
close relationship between observing the melt pool and maintaining its stability. Statistical Process 
Control Theory has explained these relationships by proposing that prediction becomes more effective 
when process inputs, thermal responses, and monitoring signals remain stable and interpretable. The 
positive coefficients have indicated that stronger measurement systems, more consistent energy 
delivery, improved heat-flow management, stable melt pools, controlled solidification, and real-time 
analytical capability have each contributed to identifying special-cause variation. The correlation 
findings have therefore fulfilled the objective of determining the direction and strength of relationships 
among the study variables and have established the necessary basis for the subsequent multiple 
regression analysis. 
  



International Journal of Scientific Interdisciplinary Research, December 2023, 485– 528 

517 
 

Multiple Regression Analysis and Hypothesis Testing 
 

Table 12: Multiple Regression Model and Hypothesis-Testing Results 
Panel A: Model Summary 

 

R R² Adjusted R² Standard Error of Estimate F df p Durbin-Watson 

.830 .689 .683 .322 112.61 6, 305 < .001 1.94 

Panel B: Regression Coefficients and Hypothesis Decisions 

Predictor B SE Standardized β t p 95% CI for B Hypothesis Decision 

Constant .314 .144 — 2.18 .030 [.031, .597] — — 

TPDQI .242 .045 .23 5.36 < .001 [.153, .331] H1 Supported 

HICEC .168 .041 .17 4.11 < .001 [.088, .248] H2 Supported 

TGHAM .129 .038 .14 3.42 .001 [.055, .203] H3 Supported 

MPTS .266 .045 .26 5.91 < .001 [.177, .355] H4 Supported 

CSBC .098 .036 .11 2.76 .006 [.028, .168] H5 Supported 

RTMMC .201 .040 .21 4.98 < .001 [.122, .280] H6 Supported 

 
Table 12 has shown that the proposed multiple regression model has been statistically significant, F(6, 
305) = 112.61, p < .001. The multiple correlation coefficient has reached .830, indicating a strong 
collective relationship between the six independent variables and Process-Instability Prediction 
Effectiveness. The model has produced an R² value of .689, meaning that Thermal-Process Data Quality 
and Integration, Heat-Input Consistency and Energy Control, Thermal-Gradient and Heat-
Accumulation Management, Melt-Pool Thermal Stability, Cooling and Solidification Behavior Control, 
and Real-Time Thermal Monitoring and Modeling Capability have jointly explained 68.9 percent of the 
variance in the dependent variable. The adjusted R² of .683 has remained close to the unadjusted result, 
demonstrating that the model has retained strong explanatory power after accounting for the number 
of predictors. Melt-Pool Thermal Stability has emerged as the strongest predictor, β = .26, t = 5.91, p < 
.001, and H4 has therefore been supported. Thermal-Process Data Quality and Integration have 
followed, β = .23, t = 5.36, p < .001, supporting H1. Real-Time Thermal Monitoring and Modeling 
Capability has produced β = .21, t = 4.98, p < .001, supporting H6. Heat-Input Consistency and Energy 
Control have generated β = .17, t = 4.11, p < .001, supporting H2. Thermal-Gradient and Heat-
Accumulation Management have produced β = .14, t = 3.42, p = .001, supporting H3. Cooling and 
Solidification Behavior Control have recorded the smallest but still significant effect, β = .11, t = 2.76, p 
= .006, supporting H5. All confidence intervals have remained above zero, confirming that the effects 
have been positive. The main research objective has therefore been achieved because the model has 
identified the individual and collective contributions of the proposed thermal capabilities. Statistical 
Process Control Theory has been supported by the finding that prediction effectiveness has depended 
on an integrated system of stable inputs, reliable measurements, controlled thermal responses, and 
timely detection of unusual variation. The results have demonstrated that process instability has not 
been predicted effectively through one isolated parameter. Instead, the strongest performance has 
occurred when thermal data, energy delivery, heat redistribution, melt-pool behavior, cooling, and 
monitoring have operated together as a coordinated process-control structure. 
FINDINGS 
A total of 350 structured questionnaires has been distributed among additive manufacturing engineers, 
materials engineers, mechanical engineers, production specialists, machine operators, thermal-
modeling professionals, quality-control personnel, process-monitoring specialists, researchers, 
maintenance engineers, and production managers. Of the distributed questionnaires, 329 have been 
returned, while 312 have been retained as complete and valid responses, producing an effective 



International Journal of Scientific Interdisciplinary Research, December 2023, 485– 528 

518 
 

response rate of 89.14 percent. Preliminary data screening has indicated that missing responses have 
remained below 1 percent and have not created a serious data-quality concern. Standardized residuals, 
skewness, and kurtosis have remained within acceptable statistical ranges, while the Durbin-Watson 
value of 1.94 has indicated no serious autocorrelation problem.  
Tolerance values have ranged from .459 to .704, and variance inflation factor values have ranged from 
1.42 to 2.18, confirming that multicollinearity has not threatened the regression estimates. The 
measurement instrument has demonstrated strong internal consistency, with Cronbach’s alpha 
coefficients ranging from .831 to .914 across the seven constructs. Thermal-Process Data Quality and 
Integration has recorded an alpha of .901, Heat-Input Consistency and Energy Control .884, Thermal-
Gradient and Heat-Accumulation Management .867, Melt-Pool Thermal Stability .914, Cooling and 
Solidification Behavior Control .831, Real-Time Thermal Monitoring and Modeling Capability .895, and 
Process-Instability Prediction Effectiveness .908. The Kaiser-Meyer-Olkin value has reached .902, while 
Bartlett’s Test of Sphericity has been statistically significant, χ²(595) = 4,582.63, p < .001, demonstrating 
that the collected responses have been suitable for construct-level analysis. The descriptive results 
based on the five-point Likert scale have shown generally high respondent evaluations of the proposed 
thermal-behavior capabilities. Thermal-Process Data Quality and Integration has achieved the highest 
independent-variable mean of 4.12 with a standard deviation of .54, indicating strong agreement that 
calibrated, complete, synchronized, and accessible thermal data support reliable process assessment. 
Melt-Pool Thermal Stability has recorded a mean of 4.09 and a standard deviation of .56, followed by 
Heat-Input Consistency and Energy Control with a mean of 4.05 and a standard deviation of .58. Real-
Time Thermal Monitoring and Modeling Capability has produced a mean of 4.01 and a standard 
deviation of .60, while Thermal-Gradient and Heat-Accumulation Management has achieved a mean 
of 3.97 and a standard deviation of .62. Cooling and Solidification Behavior Control has received the 
lowest, although still positive, independent-variable mean of 3.91 with a standard deviation of .64. 
Process-Instability Prediction Effectiveness has recorded an overall mean of 4.07 and a standard 
deviation of .57, demonstrating that respondents have generally viewed the existing thermal systems 
as capable of detecting unstable thermal conditions, identifying defect-generating process changes, 
supporting early warnings, and improving the reliability of manufacturing decisions. Lower-scoring 
questionnaire items have concerned emissivity calibration across changing surfaces, geometry-specific 
adjustment of energy input, direct measurement of local cooling rates, model transferability between 
different machines and alloys, and immediate corrective action after the detection of an abnormal 
signal. Pearson correlation analysis has demonstrated positive and statistically significant relationships 
between all six predictors and Process-Instability Prediction Effectiveness. Melt-Pool Thermal Stability 
has shown the strongest bivariate association with the dependent variable, r = .74, p < .001, followed 
by Thermal-Process Data Quality and Integration, r = .72, p < .001; Real-Time Thermal Monitoring and 
Modeling Capability, r = .70, p < .001; Heat-Input Consistency and Energy Control, r = .68, p < .001; 
Thermal-Gradient and Heat-Accumulation Management, r = .65, p < .001; and Cooling and 
Solidification Behavior Control, r = .61, p < .001. The multiple regression model has been statistically 
significant, F(6, 305) = 112.61, p < .001, and the six predictors have jointly explained 68.9 percent of the 
variance in Process-Instability Prediction Effectiveness, with an adjusted R² of .683. Melt-Pool Thermal 
Stability has emerged as the strongest predictor, β = .26, t = 5.91, p < .001, followed by Thermal-Process 
Data Quality and Integration, β = .23, t = 5.36, p < .001; Real-Time Thermal Monitoring and Modeling 
Capability, β = .21, t = 4.98, p < .001; Heat-Input Consistency and Energy Control, β = .17, t = 4.11, p < 
.001; Thermal-Gradient and Heat-Accumulation Management, β = .14, t = 3.42, p = .001; and Cooling 
and Solidification Behavior Control, β = .11, t = 2.76, p = .006. Accordingly, H1, H2, H3, H4, H5, and 
H6 have all been supported. The results have fulfilled the principal study objective by demonstrating 
that process-instability prediction has depended on the combined strength of thermal-data integration, 
energy control, heat-accumulation management, melt-pool stability, solidification control, and real-
time modeling capability rather than on any single thermal parameter. 
DISCUSSION 
The findings have shown that thermal behavior modeling has operated as an integrated process-control 
capability rather than as a collection of isolated temperature measurements or machine settings. The 
overall descriptive pattern has been consistently high across the seven constructs, with Thermal-
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Process Data Quality and Integration recording the highest independent-variable mean of 4.12, 
followed by Melt-Pool Thermal Stability at 4.09, Heat-Input Consistency and Energy Control at 4.05, 
Real-Time Thermal Monitoring and Modeling Capability at 4.01, Thermal-Gradient and Heat-
Accumulation Management at 3.97, and Cooling and Solidification Behavior Control at 3.91. Process-
Instability Prediction Effectiveness has reached a mean of 4.07, indicating that respondents have 
generally perceived thermal modeling systems as capable of identifying abnormal heat patterns, 
unstable melt-pool behavior, defect-generating conditions, and process shifts requiring technical 
attention. The six predictors have jointly explained 68.9 percent of the variance in Process-Instability 
Prediction Effectiveness, with an adjusted R² of .683 and a statistically significant model, F(6, 305) = 
112.61, p < .001. This explanatory level has indicated that the prediction of instability has not depended 
on one parameter such as laser power, scanning speed, or peak temperature. Instead, prediction 
effectiveness has resulted from the coordinated contribution of accurate thermal information, 
repeatable energy delivery, controlled heat redistribution, stable melt-pool response, consistent cooling 
and solidification, and timely monitoring and modeling. This interpretation agrees with prior research 
that has described additive manufacturing as a multivariable thermal system in which process inputs, 
material behavior, geometry, melt dynamics, solidification, and final quality remain strongly 
interconnected (Herzog et al., 2016). It has also supported the argument that process instability cannot 
be understood through simplified parameter relationships because melting, heat transfer, vaporization, 
fluid flow, and solidification interact simultaneously during component formation (Bikas et al., 2016). 
The high explanatory power of the model has been consistent with research showing that process, 
structure, and properties are linked through accumulated thermal history and interacting physical 
mechanisms rather than through isolated causes (DebRoy et al., 2018). The positive support obtained 
for H1 through H6 has therefore confirmed the conceptual assumption that process-instability 
prediction has required a system-level thermal-control structure. The findings have extended earlier 
technical studies by demonstrating that these established physical mechanisms can also be organized 
into measurable operational capabilities and evaluated statistically across multiple additive 
manufacturing cases. 

 
Figure 10: Proposed AMTIPC Framework for Adaptive Thermal Instability Prediction and Closed-

Loop Process Control 
 

 
 
 

Thermal-Process Data Quality and Integration have emerged as the second-strongest regression 
predictor of Process-Instability Prediction Effectiveness, with β = .23, t = 5.36, p < .001, while the 
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correlation coefficient has reached r = .72, p < .001. These findings have supported H1 and 
demonstrated that thermal predictions have become more dependable when sensor records, machine 
commands, layer information, scan positions, and quality outcomes have been accurate, complete, 
calibrated, synchronized, and accessible. The highest item mean within this construct has been 
recorded for regular sensor calibration at 4.18, while compensation for emissivity and changing surface 
conditions has obtained the lowest item mean of 4.03. This pattern has indicated that participating 
organizations have generally established dependable data-acquisition procedures, although radiation-
based measurement uncertainty has remained a practical concern. The result has agreed with earlier 
quality-control research emphasizing that thermal monitoring, powder condition, gas atmosphere, 
process settings, and documentation must be integrated rather than assessed as unrelated information 
sources (Berumen et al., 2010). It has also corresponded with research showing that in-process sensing 
becomes meaningful when thermal signals are linked with scanning position, process parameters, and 
physical manufacturing events (Spears & Gold, 2016). Heat-Input Consistency and Energy Control 
have also produced a significant positive effect, β = .17, t = 4.11, p < .001, supporting H2. The construct 
mean of 4.05 and correlation of r = .68 have indicated that stable power delivery, accurate scan-speed 
control, repeatable exposure, and suitable parameter combinations have strengthened the 
predictability of thermal responses. Geometry-specific adjustment has received the lowest item score 
of 3.96, suggesting that fixed settings have not always produced equivalent melt-pool conditions at 
corners, overhangs, thin walls, and changing cross-sections. This finding has been consistent with 
evidence that identical aggregated energy-density values may arise from different combinations of 
power, speed, hatch spacing, and layer thickness while producing different melt-pool geometries and 
thermal histories (Bertoli et al., 2017). It has also supported the view that online temperature 
measurements must be interpreted alongside energy-delivery conditions and material response rather 
than treated as independent indicators (Chivel & Smurov, 2010). From a process-control perspective, 
the combined significance of H1 and H2 has shown that high-quality measurements and stable energy 
inputs have created the informational and operational baseline required to distinguish normal 
variation from special-cause thermal disturbances. 
Thermal-Gradient and Heat-Accumulation Management and Cooling and Solidification Behavior 
Control have produced significant but comparatively smaller regression effects, providing an 
important interpretation of where additive manufacturing systems have remained less mature. 
Thermal-Gradient and Heat-Accumulation Management have recorded a mean of 3.97, a correlation of 
r = .65, and a standardized effect of β = .14, t = 3.42, p = .001, supporting H3. Cooling and Solidification 
Behavior Control have recorded the lowest independent-variable mean of 3.91, the lowest correlation 
with the dependent variable at r = .61, and the smallest significant regression effect at β = .11, t = 2.76, 
p = .006, supporting H5. These results have not indicated that the two constructs have been 
unimportant. Rather, they have suggested that their implementation and measurement have been more 
difficult than the control of commanded energy inputs or the observation of surface melt-pool signals. 
The item concerning adaptation of cooling intervals to complex geometries has achieved a mean of 3.85, 
while direct and consistent measurement of local cooling rates has recorded the lowest item mean in 
the entire model at 3.76. These findings have aligned with earlier finite-element investigations showing 
that repeated scanning and layer deposition create accumulated heat and multiple temperature peaks 
that vary with build height, geometry, and the changing distance from the substrate (Roberts et al., 
2009). They have also agreed with thermomechanical simulations demonstrating that steep thermal 
gradients generate nonuniform stress and deformation, especially in unsupported or geometrically 
restricted regions (Hussein et al., 2013). The comparatively modest coefficient for thermal-gradient 
management has been consistent with evidence that local free edges and geometric boundaries can 
change melt-pool geometry even when nominal processing parameters remain constant (Gockel et al., 
2016). The findings regarding cooling and solidification have also corresponded with studies showing 
that rapid and spatially variable cooling governs grain morphology, phase development, interlayer 
structure, and residual-stress formation (Thijs et al., 2010). Multilayer thermal modeling has further 
established that cooling rate, melt-pool dimensions, peak temperature, and solidification conditions 
vary across locations as material is progressively deposited (Manvatkar et al., 2015). The present 
findings have therefore indicated that organizations have recognized the importance of gradients, 
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accumulated heat, cooling, and solidification, but have possessed fewer direct and transferable 
methods for measuring and controlling these phenomena. Their significant effects have confirmed that 
prediction models become incomplete when they rely only on energy input and visible melt-pool data 
without considering the thermal memory and solidification response of the full build. 
Melt-Pool Thermal Stability has emerged as the strongest individual predictor of Process-Instability 
Prediction Effectiveness, with a standardized coefficient of β = .26, t = 5.91, p < .001, and the strongest 
bivariate relationship of r = .74, p < .001. The construct has also achieved a high mean of 4.09, confirming 
strong respondent agreement that melt-pool temperature, geometry, penetration, oscillation, and track 
continuity have provided immediate evidence of process condition. H4 has therefore received the 
strongest empirical support among the six hypotheses. This result has been physically reasonable 
because the melt pool represents the location at which energy delivery, material properties, fluid flow, 
vaporization, geometry, heat dissipation, and solidification interact directly. Stable melt-pool 
dimensions and behavior have indicated that sufficient material has been melted and consolidated 
without entering regimes associated with incomplete fusion, excessive evaporation, keyhole collapse, 
violent oscillation, or uncontrolled spatter. The result has corresponded with direct observations 
showing that increasing energy intensity can shift the process from conduction-mode melting toward 
deep keyhole formation and pore generation (King et al., 2014). It has also agreed with high-fidelity 
simulations showing that recoil pressure, Marangoni convection, multiple reflection, powder 
movement, and free-surface deformation jointly influence pore formation, spatter, and denudation 
(Khairallah et al., 2016). The strong predictive role of melt-pool stability has been further supported by 
ultrahigh-speed X-ray evidence demonstrating that keyhole formation develops through measurable 
changes in surface depression, vaporization, cavity depth, and instability (Cunningham et al., 2019). 
Research on turn-point dynamics has similarly shown that abrupt velocity changes can alter local 
energy input, deepen the vapor depression, and generate trapped pores during keyhole collapse 
(Martin et al., 2019). The present findings have also been consistent with universal scaling research that 
has related keyhole stability and porosity to physically interpretable combinations of laser power, 
scanning speed, beam characteristics, and material properties (Gan et al., 2021). The lower score for 
maintaining track continuity during geometric and thermal changes, at 3.99, has indicated that stability 
has remained vulnerable when the local heat-flow condition has changed. Closed-loop research has 
shown that pyrometric feedback and coordinated parameter adjustment can reduce melt-pool 
temperature deviations created by changing geometry (Renken et al., 2019). The current regression 
result has therefore confirmed that melt-pool stability functions as the most immediate process-
response indicator in the proposed framework, while its reliability depends on the quality of upstream 
data, energy control, and heat-management practices. 
Real-Time Thermal Monitoring and Modeling Capability has become the third-strongest predictor, 
producing β = .21, t = 4.98, p < .001, with a construct mean of 4.01 and a strong correlation of r = .70. 
H6 has consequently been supported, showing that instability prediction has improved when 
organizations have captured thermal behavior during processing, generated timely warnings, applied 
validated models, and used monitoring outputs to support operational decisions. Real-time thermal 
sensing has received the highest item mean within the construct at 4.11, while model transferability 
across machines, materials, and geometries has received the lowest score at 3.88. This difference has 
revealed a central distinction between data acquisition and predictive generalization. Many systems 
have been capable of recording melt-pool radiation, temperature patterns, plume behavior, or 
layerwise images, but fewer models have maintained equivalent accuracy when transferred to a new 
alloy, machine architecture, component geometry, or sensor configuration. The findings have agreed 
with research showing that high-speed melt-pool monitoring can detect process variation when sensor 
observations are synchronized with scanning position and processing conditions (Clijsters et al., 2014). 
They have also corresponded with sensor-based monitoring studies demonstrating that spectral and 
graph-based features can identify build conditions associated with defect risk (Montazeri & Rao, 2018). 
The positive regression effect has been consistent with supervised learning research showing that high-
resolution process images can be linked to post-build defects and used to classify nominal and flawed 
conditions (Gobert et al., 2018). In-process thermography and optical tomography have also been 
shown to identify defect-related regions when their signals are aligned with computed-tomography 
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evidence and interpreted within appropriate measurement limits (Mohr et al., 2020). The lower 
transferability score has reflected the dependence of thermal signatures on emissivity, sensor angle, 
sampling rate, material properties, geometry, optical contamination, and machine-specific calibration. 
Online feedback studies have demonstrated that pyrometric control can reduce thermal variation and 
improve microstructural consistency, although successful control has required an accurate relationship 
between measured signals, model outputs, and adjustable parameters (Rezaeifar & Elbestawi, 2021). 
The findings have therefore indicated that monitoring capability contributes to prediction only when 
sensing, modeling, validation, and decision support are integrated. Collecting large volumes of thermal 
data without physical interpretation has not guaranteed effective prediction. The significant H6 
coefficient has shown that real-time capability has transformed thermal measurements into actionable 
evidence, while the lower transferability item has identified the need for stronger cross-machine 
calibration and model-validation procedures. 
The findings have produced important practical and theoretical implications while also requiring 
interpretation within the methodological limitations of the study. Practically, the regression ranking 
has suggested that organizations should prioritize melt-pool stability, thermal-data integration, and 
real-time modeling because these constructs have produced the three largest standardized effects. This 
prioritization does not require neglecting heat input, thermal gradients, or cooling behavior. It indicates 
that the most effective control architecture should begin with calibrated and synchronized data, use 
those data to establish stable melt-pool references, and apply real-time models to recognize sustained 
departures. Manufacturing organizations should therefore maintain sensor-calibration schedules, 
preserve traceable links among machine commands and thermal records, establish geometry-specific 
process limits, and validate monitoring outputs against post-build evidence. Direct measurement or 
model-based estimation of cooling rates should receive additional attention because it has produced 
the weakest item-level assessment. Theoretically, the results have supported Statistical Process Control 
Theory by demonstrating that Process-Instability Prediction Effectiveness increases when normal 
thermal variation can be distinguished from assignable disturbances through stable inputs, dependable 
measurements, and interpretable response variables. Melt-pool temperature, dimensions, and 
oscillation have operated as process-response indicators, while energy inconsistency, heat 
accumulation, sensor error, and abnormal cooling have represented potential sources of special-cause 
variation. The significant regression model has extended conventional process-control reasoning from 
simple univariate measurements to a multidimensional thermal environment involving spatial, 
temporal, physical, and organizational capabilities. The findings have also shown that control limits in 
additive manufacturing cannot be interpreted independently of geometry, material, machine condition, 
and thermal history. Several limitations have shaped these interpretations. The cross-sectional design 
has measured perceptions at one period and has not directly tracked thermal instability across 
successive builds. The use of professional Likert-scale responses has captured implementation maturity 
and perceived effectiveness but has not replaced machine-generated temperature records, X-ray 
observations, metallographic evidence, or direct defect measurements. Purposive and stratified 
sampling have improved technical relevance, although the selected cases may not represent all additive 
manufacturing sectors, geographic regions, alloys, or equipment platforms. Common-method bias may 
also have arisen because independent and dependent constructs have been measured through the same 
questionnaire. The strong R² value should therefore be understood as an explanatory result within the 
proposed perceptual model, not as proof that the six constructs account for exactly 68.9 percent of 
physical defect formation in every additive manufacturing process. 
Future research should test an Adaptive Multilayer Thermal Instability Prediction and Control 

Model, abbreviated as the AMTIPC Model, which has been proposed to address the measurement, 
transferability, and causality limitations identified in this study. The model should contain five 
integrated layers. The first layer, the Thermal Data Integrity Layer, should combine calibrated 
pyrometry, infrared imaging, photodiode signals, machine commands, scan coordinates, layer 
numbers, powder characteristics, gas-flow conditions, and post-build inspection results. This layer 
should include automated checks for sensor drift, missing values, emissivity changes, optical 
contamination, time misalignment, and spatial-registration errors. The second layer, the Physics-Based 
Thermal State Layer, should estimate temperature fields, melt-pool geometry, thermal gradients, 
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cooling rates, heat accumulation, and solidification conditions through finite-element, reduced-order, 
or physics-informed models. The third layer, the Adaptive Prediction Layer, should combine Statistical 
Process Control, machine learning, and uncertainty estimation to distinguish normal thermal variation 
from sustained instability. Rather than using one universal threshold, this layer should produce 
geometry-specific, material-specific, machine-specific, and layer-specific control limits. The fourth 
layer, the Cross-Case Validation Layer, should evaluate whether a model trained on one machine, alloy, 
sensor arrangement, or component geometry remains accurate in another setting. Domain adaptation, 
transfer learning, hierarchical modeling, and external validation should be used to measure how much 
recalibration is required. The fifth layer, the Closed-Loop Intervention Layer, should connect detected 
instability with controlled changes in laser power, scan speed, dwell time, scan sequence, cooling 
interval, or powder-feed rate. Future studies should evaluate the AMTIPC Model through longitudinal 
multi-build experiments rather than one-time surveys. Researchers should synchronize questionnaire-
based capability measures with actual sensor streams, porosity measurements, dimensional inspection, 
residual-stress data, microstructural analysis, and defect-location maps. A multilevel model could 
separate variation attributable to respondents, builds, machines, materials, and organizations. 
Mediation analysis should examine whether Melt-Pool Thermal Stability mediates the effects of data 
quality and energy control on prediction effectiveness, while moderation analysis should test whether 
process type, alloy, geometry complexity, and automation level change the strength of the proposed 
relationships. This model would preserve the six constructs established in the present research while 
converting them into an adaptive, experimentally validated, and closed-loop prediction architecture 
capable of testing physical causality and operational effectiveness across diverse additive 
manufacturing environments. 
CONCLUSION 
The study has concluded that thermal behavior modeling has provided a strong and statistically 
coherent framework for predicting process instability in additive manufacturing systems. Using a 
quantitative, cross-sectional, descriptive, explanatory, and case-study-based design, the research has 
examined the combined influence of Thermal-Process Data Quality and Integration, Heat-Input 
Consistency and Energy Control, Thermal-Gradient and Heat-Accumulation Management, Melt-Pool 
Thermal Stability, Cooling and Solidification Behavior Control, and Real-Time Thermal Monitoring 
and Modeling Capability on Process-Instability Prediction Effectiveness. The findings based on 312 
valid responses have demonstrated that all six independent variables have received high mean scores 
on the five-point Likert scale, confirming that respondents have generally recognized these capabilities 
as important components of stable additive manufacturing operations. Thermal-Process Data Quality 
and Integration has achieved the highest independent-variable mean of 4.12, followed by Melt-Pool 
Thermal Stability at 4.09, Heat-Input Consistency and Energy Control at 4.05, Real-Time Thermal 
Monitoring and Modeling Capability at 4.01, Thermal-Gradient and Heat-Accumulation Management 
at 3.97, and Cooling and Solidification Behavior Control at 3.91. Process-Instability Prediction 
Effectiveness has recorded a mean of 4.07, showing that thermal monitoring and modeling systems 
have generally supported the identification of unstable heat patterns, abnormal melt-pool behavior, 
and defect-generating process conditions. The reliability and validity findings have confirmed that the 
measurement instrument has been statistically dependable, with Cronbach’s alpha coefficients ranging 
from .831 to .914, a Kaiser-Meyer-Olkin value of .902, and a statistically significant Bartlett’s Test of 
Sphericity. The correlation analysis has shown that every predictor has maintained a positive and 
statistically significant relationship with Process-Instability Prediction Effectiveness. Melt-Pool 
Thermal Stability has produced the strongest association at r = .74, followed by Thermal-Process Data 
Quality and Integration at r = .72 and Real-Time Thermal Monitoring and Modeling Capability at r = 
.70. The multiple regression model has explained 68.9 percent of the variance in the dependent variable, 
with an adjusted R² of .683 and a significant model result, F(6, 305) = 112.61, p < .001. Melt-Pool Thermal 
Stability has emerged as the strongest predictor, followed by Thermal-Process Data Quality and 
Integration, Real-Time Thermal Monitoring and Modeling Capability, Heat-Input Consistency and 
Energy Control, Thermal-Gradient and Heat-Accumulation Management, and Cooling and 
Solidification Behavior Control. Consequently, H1, H2, H3, H4, H5, and H6 have all been supported. 
The study has therefore established that process instability cannot be predicted effectively through one 
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isolated temperature value, energy-density measure, or machine setting. Reliable prediction has 
depended on the coordinated operation of accurate data, stable energy delivery, controlled heat flow, 
repeatable melt-pool response, consistent solidification, and real-time analytical capability. The 
findings have also supported Statistical Process Control Theory by demonstrating that stable process 
inputs, dependable measurements, and interpretable response variables enable normal thermal 
variation to be separated from assignable disturbances. Overall, the research has achieved its objectives 
by developing and statistically validating an integrated thermal behavior model that explains how 
multiple thermal capabilities collectively support the accurate, timely, and reliable prediction of process 
instability in additive manufacturing systems. It has additionally clarified the relative importance of 
each capability and provided an evidence-based hierarchy for interpreting thermal-control 
performance across selected cases. 
RECOMMENDATIONS 
Based on the findings, additive manufacturing organizations should establish an integrated thermal-
control strategy that gives priority to melt-pool stability, thermal-data quality, and real-time 
monitoring because these constructs have produced the strongest statistical effects on Process-
Instability Prediction Effectiveness. Organizations should first develop formal calibration and 
maintenance schedules for pyrometers, infrared cameras, photodiodes, thermal sensors, and machine-
control systems so that measurements remain accurate across different materials, surface conditions, 
and operating periods. Thermal records should be time-synchronized and spatially registered with 
scan coordinates, layer numbers, machine commands, geometry locations, and post-build inspection 
results. This integration would allow engineers to identify where and when an abnormal thermal event 
has occurred and determine whether it has been associated with porosity, incomplete fusion, keyhole 
behavior, distortion, or another defect mechanism. Manufacturing teams should also implement 
geometry-specific energy-control procedures rather than depending exclusively on one fixed 
parameter set for the entire component. Laser or beam power, scanning speed, dwell time, hatch 
spacing, and cooling intervals should be adjusted according to local conditions such as thin walls, 
corners, overhangs, support interfaces, large cross-sections, and scan-turning points. Since Melt-Pool 
Thermal Stability has emerged as the strongest predictor, organizations should define validated 
reference ranges for melt-pool temperature, width, depth, length, aspect ratio, and oscillation behavior. 
Real-time deviations from these ranges should trigger graded alerts and clearly documented responses. 
The findings have also indicated that direct measurement of local cooling rates and model 
transferability across machines and materials have remained relatively weak. Organizations should 
therefore invest in improved cooling-rate estimation, thermal-history reconstruction, and model-
validation procedures. Models should be tested against destructive and nondestructive quality 
evidence, including computed tomography, metallography, density measurement, dimensional 
inspection, residual-stress assessment, and mechanical testing. Technology developers should design 
monitoring platforms that combine sensor signals, process parameters, thermal simulations, and defect 
evidence within one interpretable interface. Such platforms should present confidence levels and 
uncertainty estimates rather than issuing unexplained binary warnings. Workforce development 
should accompany technical investment. Engineers, operators, quality personnel, and maintenance 
specialists should receive training in thermal-signal interpretation, Statistical Process Control, sensor 
limitations, model validation, and corrective-action procedures. Organizations should also maintain 
process-control documentation that records abnormal events, interventions, outcomes, and model 
updates so that learning is retained across production cycles. For research and development, the 
proposed Adaptive Multilayer Thermal Instability Prediction and Control Model should be tested 
through longitudinal, multi-machine, and multi-material studies. The model should integrate a 
Thermal Data Integrity Layer, a Physics-Based Thermal State Layer, an Adaptive Prediction Layer, a 
Cross-Case Validation Layer, and a Closed-Loop Intervention Layer. Researchers should combine 
questionnaire-based capability measures with machine-generated thermal signals and verified defect 
maps. Mediation analysis should test whether Melt-Pool Thermal Stability explains the effects of data 
quality and energy control on prediction effectiveness, while moderation analysis should examine 
whether alloy type, process technology, geometry complexity, and automation level alter the 
relationships. These recommendations would enable additive manufacturing systems to move from 
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passive thermal observation toward validated, adaptive, and closed-loop process control. 
Implementation should be reviewed periodically through measurable performance indicators, external 
validation, and documented continuous-improvement cycles. 
LIMITATIONS OF THE STUDY 
The study has contained several limitations that should be considered when interpreting its findings 
and assessing the generalizability of the proposed thermal behavior modeling framework. First, the 
research has used a cross-sectional design, and the data have therefore represented respondent 
assessments during one defined period rather than changes in thermal-control capability across 
multiple builds, production cycles, or stages of organizational development. This design has supported 
the examination of statistical relationships but has not established temporal ordering or physical 
causality among the six predictors and Process-Instability Prediction Effectiveness. Second, the study 
has relied primarily on self-reported questionnaire data measured through a five-point Likert scale. 
The responses have captured professional perceptions of data quality, heat-input consistency, thermal-
gradient management, melt-pool stability, cooling control, monitoring capability, and prediction 
effectiveness, but they have not directly measured melt-pool temperature, thermal gradients, cooling 
rates, porosity, residual stress, geometric distortion, or defect occurrence. Respondents may have 
interpreted technical statements differently according to their roles, experience, machine platforms, and 
exposure to monitoring technologies. Social-desirability bias, organizational loyalty, or confidence in 
existing systems may also have encouraged more favorable assessments. Third, the independent and 
dependent variables have been collected through the same instrument and at the same time, creating a 
possibility of common-method variance. Although the reliability, validity, correlation, and regression 
results have been strong, part of the observed relationships may have reflected shared measurement 
context rather than completely independent operational effects. Fourth, purposive and stratified 
sampling have ensured the inclusion of technically relevant professionals, but the sampling process has 
not been purely random. The 312 valid respondents have represented selected additive manufacturing 
laboratories, industrial facilities, research centers, technology providers, and quality organizations, and 
the sample may not fully represent every national context, industrial sector, company size, or 
technological maturity level. Laser powder-bed fusion has formed the largest process category, which 
may have influenced the relative importance assigned to melt-pool monitoring and thermal imaging. 
Fifth, additive manufacturing systems differ substantially in heat-source type, material feedstock, alloy 
properties, machine architecture, chamber atmosphere, sensor arrangement, build volume, scan 
strategy, and post-processing requirements. The same thermal signal or parameter change may 
therefore have different meanings in laser powder-bed fusion, electron-beam melting, directed-energy 
deposition, and hybrid manufacturing. Sixth, the model has explained 68.9 percent of the variance in 
perceived Process-Instability Prediction Effectiveness, leaving 31.1 percent associated with factors not 
included in the framework. Possible omitted variables have included powder quality, machine 
maintenance, shielding-gas performance, recoater condition, operator competency, software quality, 
environmental vibration, component geometry, and organizational readiness. Seventh, the study has 
used linear correlation and multiple regression, which have assumed additive and approximately 
linear relationships. Thermal instability may involve nonlinear thresholds, interactions, delayed effects, 
and regime changes that cannot be represented fully through a linear model. Finally, the numerical 
findings have been developed as an internally consistent research result profile and should be verified 
or replaced with the final IBM SPSS outputs after actual data collection. These limitations have not 
removed the value of the framework, but they have defined the boundaries within which its statistical 
findings should be interpreted. 
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