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Abstract  

The current study focuses on utilizing machine learning (ML) models in optimizing and predicting laser-induced surface cold hardening in 
aluminum alloy 6061-O using a pulsed fiber laser. Three input features were utilized: power density (Pd), frequency (f), and pulse overlap 
(OV), with surface hardness as the matching aim. A set of ML models, including XGBoost and Adaptive Ensemble, was employed. The 
dataset was preprocessed for normalization and outlier handling, hyperparameter tuning, and assessment through the grid search and cross-
validation, and model performance was evaluated using the coefficient of determination (R²) and mean square error (MSE) metrics. The 
Linear regression and Random Forest regression models were excluded due to their weakness in performance, exhibiting noticeable 
enhancement in performance of the ensemble. After excluding weak models, the results of XGBoost and Adaptive Ensemble models 
demonstrated great results of R2/MSE of 0.970/0.774 and 0.949/1.319, respectively. The XGBoost model occupied the first order, followed 
by the Adaptive Ensemble model, in improving the predictive accuracy to around 96% compared to other models. 
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1. Introduction 

pplications of laser-based material processing could utilize 

machine learning (ML) algorithms to predict potential 

outcomes and optimize processes by analyzing previous data 

[1]. Laser hardening is a precise and non-contact surface treatment 

method widely used to improve metal surface hardness and wear 

resistance without sacrificing their bulk properties [2]. It involves 

directing an intense continuous or pulsed laser beam on the surface 

of the metal being processed, leading to localized heating or melting, 

followed by rapid cooling due to quenching with the bulk [3]. In 

aluminum alloys, this thermal cycle may induce intermetallic phases 

in the processed zone allowing enhanced surface hardness and wear 

resistance [4]. Laser can be utilized to alloy a thin layer on the surface 

of aluminum by adding some alloying elements, such as copper, 

molybdenum, or zirconium, which enhances the surface hardness 

[5,6]. Another technique utilizes introducing plastic deformation on 

a thin layer on the surface of aluminum alloy by mechanical means 

or shocking by laser [7,8]. Nowadays, aluminum alloys are widely 

involved in the industrial sectors of structural fields, automotive, 

aerospace, white goods, medical devices, food packaging, electrical, 

and electronic applications [9-12]. Aluminum alloys are characterized 

by their lightweight, good weight-to-strength ratio, excellent 

corrosion resistance, and good electrical and thermal conductivities 

[13,14]. Unfortunately, their usage in certain applications was limited 

due to relatively poor strength, hardness, and wear resistance when 

compared with steel [15]. This drawback is subject to continuous 

improvements to satisfy the demands of many industry sectors [16]. 

Laser hardening is a multi-parameter process, variations in these 

parameters can lead to inconsistent results, necessitating a more 

systematic and predictive approach to process control. Several highly 

dependent key parameters, such as laser power, scanning speed, spot 

size, wavelength, pulse width, frequency of pulses, and overlap 

percentage, affect the process outcomes [17-19].  

ML is an essential aspect of artificial intelligence (AI) that has 

emerged as a game-changing technology in advanced manufacturing. 

It enables data mining by analysis of vast datasets to uncover 

patterns, predict outcomes, and optimize processes [20]. In laser 

hardening, where multiple parameters interact in complex, nonlinear 

ways [21], ML techniques can model these relationships swiftly, 

accurately, and effectively [22]. In the supervised category of ML, 

regression and classification algorithms are the two essential 

subcategories [23]. The algorithms of supervised ML are classified 

according to their applicability in regression, classification, or both 

[24]. Regression algorithms seek the optimal function that matches 

the points of the training dataset. Linear regression, multiple linear 

regression, and polynomial regression are the principal algorithms 

[25]. Classification algorithms determine the relationship between 

A 
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input and output properties to develop a model that categorizes 

things into distinct categories based on defined criteria [26]. Logistic 

regression [27], decision trees [26], support vector machines (SVM) 

[28], and random forests [29] are utilized in the binary tasks of 

classification and regression problems. Unsupervised learning 

techniques, like k-means clustering, further help in identifying 

inherent groupings in data, aiding in process segmentation and 

analysis [30].  

By integrating ML, manufacturers can reduce reliance on costly and 

time-intensive trial-and-error experiments, enabling faster process 

optimization and consistent quality control [31]. The application of 

ML in laser industrial processes has been the subject of extensive 

research, showcasing its potential in modelling, classification, and 

optimization [32]. K. Venkata Rao et al. [33] utilized boring data of 

a steel alloy in an artificial neural network (ANN) to predict and 

model surface roughness and vibration during the process. The 

effect of cutting tool nose radius, speed, and feed rate is investigated. 

The study demonstrated the ANNs role in the selection of input. 

Zhang et al. [34] combined two ML algorithms, the grey wolf 

optimization (GWO) and SVR, to predict the surface roughness and 

optimize the process parameters of laser-assisted machining process 

of SiC ceramic. The effect of laser power, turning speed, feed rate, 

and cutting depths was modeled to predict and optimize the surface 

roughness. The optimization based on the prediction model showed 

less than 1.9% between the actual and predicted values of surface 

roughness, better surface texture, and significant improvement in 

surface micromorphology. J. Rivera et al. [35] developed an ML 

model to classify and predict porosity in laser overlap welding of 

aluminum alloy using a high-speed camera to evaluate the influence 

of various features on prediction accuracy. D. Buongiorno et al [36] 

utilized a set of features extracted from a thermal camera during the 

laser welding process in feeding ML and deep learning (DL) 

algorithms to a diagnostic framework for weld defect detection. 

Yunhui Xie et al, [37] adopted reinforcement learning (RL) to 

manage and monitor a laser machining process of fused silica. Their 

work was facilitated by the RL algorithm in dynamic control of the 

laser motion based on real-time feedback, leading to enhanced 

efficiency. Fengyi Lu et al. [38] utilized deep reinforcement learning 

in creating a parametric optimization model for multi-pass cutting 

for the aviation parts capable of giving appropriate decisions that 

address the diverse cutting situations. The model leverages the 

predictive power of ML, offering a balanced approach to process 

modelling and enabling parameter modification to improve energy 

efficiency within the fluctuating deformation limits of each run. 

 

2. Declaring the Problem and Aim 

The industrial community is increasingly adopting laser material 

processing due to good quality outcomes, accuracy, and ease of setup 

and processing.  However, this route suffers from the difficulties of 

adjusting the multiple working parameters, which significantly yields 

inaccuracy and imprecision. Such a problem requires repeating trials 

to determine the interaction between parameters, resulting in higher 

costs of technology, maintenance, and operation. The laser 

hardening process necessitates regulation of process variables such 

as power, pulse width, frequency, scanning speed, spot size, etc. This 

request is to know the influence of each parameter on the process 

outcomes, specifically the hardness level and surfaces free of defects. 

The current study aims to seek an ML model among various 

developed and evaluated models that can predict and improve laser 

surface hardness of aluminum 6061-O using a fiber laser. 

 

3. Experimental 

Several square plates, of 7.6 cm side length, of an aluminum grade 

6061-O were employed in laser hardening. Table 1 tabulates the 

elemental composition of the employed alloy. The surface hardness 

of the raw alloy is 32 HV. Before laser hardening, the aluminum 

plates were cleaned using acetone and ethanol to remove grease, 

dust, and surface contamination. After cleaning, one side of each 

plate was coated with a thin black paint layer (black coat). This 

coating increases the ability of the surface to absorb laser energy, 

reduces reflection from the metallic surface, and helps to achieve 

more uniform heating during the treatment. To treat each square 

plate with the laser, it was placed in a small container filled with 

distilled water to a level 3 mm above the upper surface. Figure 1a 

shows the schematic diagram of the experimental setup, where the 

laser beam is focused on the upper surface of the plate exactly on 

the black coat. Based on a CAD model, the pulsed laser beam was 

selectively scanned and shot 36 small square zones, each having 8 

mm side length on the upper surface of the aluminum plate (Figure 

1b). These zones were processed with different sets of process 

parameters. 

A Q-switched fiber laser from Wuxi Raycus Fiber Laser 

Technologies Co., LTD/China, Model WXRFL generates a 

fundamental wavelength of 1064 ± 4 nm, was used in the process. 

The laser's average power is 100 W, pulse width 81 ns, and frequency 

range 10 - 100 kHz. 108 zones on the aluminum plates were 

processed using three process parameters within specified limits. 

The laser frequency (f) is in a range of 20 to 25 kHz, the power 

density (Pd) is within a range of 3.39 to 19.65 GW/cm2, and the 

percentage of overlap between sequential pulses (OV) for a range 

from -12 to 78 %.  

 

4. ML Methodology 

ML assists in managing multi-variable laser materials processing 

applications. Integrating experimental data with ML offers a 

systematic approach to optimizing the process. The following are the 

essential sequential steps in developing the ML model. 

4.1 Definition of the Problem 

The current study utilized the findings derived from the 

experimental results detailed in a previous fundamental study by the 

authors of this work [39] to develop the ML model for surface 

hardness. The proposed model passes through several sequential 

steps starting from the definition of the features and labels of the 

process.  

Three input parameters that influence the surface hardness Pd, f, and 

OV, were highlighted as input features of the ML model, and the 

surface hardness was the target. The process of laser hardening of 

selected zones on aluminum plates produced 108 sets of data derived 

from experiments. 
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Table 1. The elemental composition of aluminum 6061-O alloy. 

Nominal chemical composition 

Al % Mg % Si % Fe % Cr % 

95.8 – 
98.6 

0.8 – 1.2 0.4 – 0.8 ≤ 0.7 
0.04 – 
0.35 

Cu % Mn % Ti % Zn % others % 

0.15 – 
0.4 

≤ 0.15 ≤ 0.15 ≤ 0.25 ≤ 0.15 

Experimental chemical composition 

Al % Mg % Si % Fe % Cr % 

97.7  0.801 0.571 0.411 0.20 

Cu % Mn % Ti % Zn % others % 

0.187 0.091 0.062 0.010 0.015 

 

Figure 1. (a) The schematic diagram of the experimental setup, (b) 

Thirty-six zones on each aluminum single plate processed with the 

fiber laser. 

The Panda’s package in Python was used to import the experimental 

data from an Excel file. Table 2 shows a partial layout for 

experimental laser hardening data. 

 

4.2 Data Preparation  

To improve data quality and enhance the model's performance, 

reliability, and predictability, the obtained data underwent 

preprocessing procedures of data cleaning and normalization. All 

feature values were normalized using Min-Max scaling to ensure 

consistent input ranges for the ML models, which enhances 

algorithm performance and convergence. This was done in addition 

to handling missing and duplicated values, eliminating outliers from 

the data table, and implementing interpolation. In the second step, 

the relationship between the features and the target was evaluated to 

provide a comprehensive view of the effect of each predictor on the 

target. For this purpose, the correlation matrix was used to display 

and identify the impact of each feature on the model under 

development, which could be enhanced by excluding the weak ones 

after applying additional trials. 

The extracted experimental data exhibited non-linear relationships 

between the input parameters (f, Pd, and OV) and the output 

(hardness). These relationships were visually observed in the form of 

curves, where the variation in the output was neither uniform nor 

linear with the alterations in the input parameters. Figure 2 shows 

some samples of the effect of manipulating process variables Pd, f, 

and OV on the surface hardness values.  

Table 2. Partial arrangement of the experimental data. 

 
 

4.3 Model Selection, Training, and Evaluation 

The non-linear relationship in the experimental datasets challenges 

analysis, as the linear models are inadequate in predicting the 

interaction and dependencies between the features and the target. 

Estimating the input parameters over a large dataset is crucial for 

accurately predicting in scientific domains [40]. With the abundance 

of available ML models and algorithms, determining the optimal one 

for a specific problem is crucial for attaining accurate and meaningful 

results [41]. To predict and analyze the surface hardness of the alloy, 

eight ML algorithms were chosen to model the regression of the 

process. Linear regression, polynomial regression, SVM Regression, 

Random Forest, Gradient Boosting regression, XGBoost, Decision 

tree, and adaptive ensemble are utilized for regression problems that 

involve predicting outcomes [24,42-44].  

The dataset was divided into 80% for training and 20% for testing, 

ensuring an unbiased evaluation of the model's predictive capability. 

Scikit-learn is a powerful open-source Python library for ML that is 

beneficial in data preprocessing, model training, evaluation, and 
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optimization [45]. It was utilized for facilities classification, 

regression, clustering, and dimensionality reduction activities. 

Employing suitable ML algorithms in regression is essential in 

making models and optimizing the process. Models are trained via 

tenfold cross-validation. The comprehensive and quality of trained 

data is essential for the success of the models in regression and 

prediction tasks. The Python programming libraries such as NumPy, 

Pandas, and Scikit-learn have a vital role in building regression 

models and prediction tasks. The good tuning of the model in the 

optimization phase avoids the over-fitting or under-fitting of the 

polynomial degree to ensure robust generalization of new and 

unseen data benefits in optimization and predicting the surface 

hardness.  

Two techniques, grid search and cross-validation, were employed to 

offer significant potential for hyperparameter tuning. These 

parameters are set prior to training and are crucial in shaping model 

behavior and performance, such as learning rate, number of 

estimators, and other configuration settings that influence how the 

model learns, and the assessment of ML models. The grid search 

systematically evaluated several sets of hyperparameters to discover 

the optimum model settings, for Random Forest (n_estimators = 50, 

100, 200; max_depth = 3, 5, 10) and Gradient Boosting 

(n_estimators = 50, 100, 200; learning_rate = 0.01, 0.1, 0.2; 

max_depth = 3, 5). The fold cross-validation technique with 5-fold 

divides the dataset into sub-folds to evaluate the stability and 

generalizability on unobserved data by assessing its efficacy across 

various subsets of the dataset. The optimization techniques are 

aimed at improving the predictive accuracy, model reliability, and 

practical applicability. The preceding sub-sections present a 

comprehensive analysis of the results prior to and subsequent to 

applying the improvements, evaluating the impact of data 

preprocessing, feature selection, and hyperparameter tuning on 

model efficacy. 

 

4.4 Judgement of ML Models 

Performance assessment is considered a crucial part of the ML route 

based on the criteria named performance metrics. The primary 

criterion is the coefficient of determination (R2) evaluated from the 

ratio of residuals and the variance of the data. The best fit of the 

model with the data indicates perfect prediction as R2 approaches 

one. The R2 is expressed as follows [46]: 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖

−)
2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦
^)
2𝑛

𝑖=1

           ... (1) 

where n is the number of data, yi is the actual value, yi¯ is the 

predicted value, and y^ is the mean of the actual data. 

The mean squared error (MSE) is another key performance metric 

that quantifies the average difference between actual and predicted 

values. Model fit and better performance are attained when the 

residual value approaches its minimum, resulting in the approach of 

MSE towards zero. MSE is sensitive to outliers since it exaggerates 

the residuals [47]: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖

−)2𝑛
𝑖=1              ... (2) 

The accuracy of predicted values in comparison to actual values is 

assessed by the key performance metrics root mean squared error 

(RMSE) and mean absolute error (MAE). Like MSE, the values of 

RMSE and MAE signify enhanced predictive accuracy [48]: 

 

 
Figure 2. Samples of the influence of surface hardness of aluminum 

6061-O by the process variables: (a) OV, (b) Pd, and (c) f. 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖

−|𝑛
𝑖=1                ... (3) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖

−)2𝑛
𝑖=1         ... (4) 

Mean Absolute Percentage Error (MAPE) is an estimate that gauges 

the average absolute deviation between the predicted and actual 

values within a dataset, providing an evaluation for the errors 

produced by the model, and can be represented as follows [49]: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑦𝑖−𝑦𝑖
−|

𝑦

𝑛
𝑖=1                  ... (5) 

5. Results and discussions 

In the current study, multiple ML algorithms were studied as the 

main framework in modeling laser hardening of aluminum alloy 

grade 6061-O using a pulsed fiber laser. ML was utilized in modeling 

and predicting the relation of Pd, f, and OV with the surface 

hardness.  

5.1 Data Analysis 

Visualizing the frequency distribution of the dataset versus input 

features is beneficial for the model selection and performance 

(Figure 3). The frequency distribution of features shows a slightly 
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skewed normal distribution for the OV from -20% to 80% indicating 

wide variability within experiments as shown in Figure 3a. The Pd 

data in Figure 3b showed three distinct levels of conditions: high, 

medium, and low constrained due to the three employed laser spot 

diameters of 0.02 mm, 0.03 mm, and 0.04 mm, respectively. In 

Figure 3c, the frequency parameter has a unimodal narrow 

distribution, indicating the employed parameters within a confined 

range, 20 kHz to 25 kHz, which is imposed by the experimental 

limitation. 

 
Figure 3. Frequency distribution of input features: (a) OV, (b) Pd, 

and (c) f, showing wide variability in OV, three distinct Pd levels, 

and a narrow, unimodal frequency range. 

 

Figure 4 shows the scatter plot of the relationship between the target 

and the input feature. The hardness shows an upward trend as the 

OV became more than 50% as shown in Figure 4a. The hardness 

values become higher, more unified, and denser at the low levels of 

Pd, ranging between 4 to 5 GW/cm2, where significant decay in the 

hardness occurs at the moderate and high values, as Figure 4b. 

Although the maximum hardness is shown at f of 22 kHz (Figure 

4c), there is no significant impact on the hardness, indicating a weak 

or nonlinear relationship.  

The trivial effect of f that disrupts its consideration as an effective 

factor on the hardness is supported by the negative relation value of 

-0.099 in the correlation matrix in Figure 4. The Pd and OV show a 

moderate inverse and direct relationship with the harness of -0.7 and 

0.45, respectively. The correlation matrix provides insights into the 

interrelation of input features, a strong negative correlation of -0.7 

between Pd and OV was observed. That reveals that with the higher 

Pd, the OV should be reduced to avoid the side effect of thermal 

effects on the metal surface. With both Pd and OV, the f shows a 

weak negative correlation of -0.13 and a positive correlation of 0.18, 

respectively. 

 
Figure 4. The relationship between the hardness and input 

features: (a) OV, (b) Pd, and (c) f. Scatter plots of hardness versus 

input features, showing an increasing trend with OV > 50%, higher 

and denser hardness at low Pd. 

 

(a) 

(b) 

(c) 

(a) 

(b) 

(c) 



Al-Nahrain J. Eng. Sci. 29(2) 235-246, 2026                                                                                                                                      Hussein et al. 

 
240 

5.2 Algorithm Testing 

The algorithms were tested to evaluate their capabilities in predicting 

the optimum working parameters to enhance the outcomes of the 

hardening process. The deployed algorithms were subjected to 

preprocessing to address errors and outliers in the dataset. 

Nevertheless, a few of the algorithms showed limitations for various 

reasons. Table 3 presents the influence of preprocessing on outlier 

handling for the utilized ML models.  

Most models show improvement, in varying degrees, in performance 

across key metrics. The weakness of the SVM regression model in 

struggling with regression in the current fed dataset, the instability, 

and weakness of generalization were present through the value of 

R2. The average R² values obtained from 5-fold cross-validation are 

presented in the tables for each ML model, both before and after 

data preprocessing. A significant enhancement is exhibited in the 

SVM regression model after preprocessing, which showed an 

increase in R2 from 0.196 to 0.618 and a notable reduction of MSE, 

MAE, and MAPE. However, the three regression models, linear 

regression, SVM, and Decision Tree, remain ineffective after 

preprocessing as indicated by the metric values that signify an 

inability to capture the complexity of the data. 

The Adaptive Ensemble and Polynomial Regression models 

demonstrated moderate enhancement of performance, displaying R2 

of 0.925 and 0.911, respectively, with fewer values of regression error 

metrics indicating more accurate and robust data fitting. The 

Gradient Boosting and Random Forest models showed 

approximately a close to unity R² value of 0.947, and lower and 

approximately equality of metrics errors, indicating stronger 

predictivity in performance and stability. The preprocessing couldn’t 

enhance the R2 and metrics errors of the XGBoost regression 

model. Nonetheless, the Gradient Boosting and Random Forest 

models were surpassed by the XGBoost regression model, showing 

the highest value of R2 and lower metrics error measures, exhibiting 

stronger predictive performance and stability. 

Table 3. Models of ML before and after preprocessing. 

Before Preprocessing 

Model R2 MSE RMSE MAE MAPE STD 
Polynomial 
Regression 

0.839 4.184 2.046 1.532 3.332 5.718 

Decision 
Tree 

0.789 5.506 2.346 1.657 3.668 5.728 

Random 
Forest 

0.944 1.457 1.207 0.932 2.130 4.726 

Gradient 
Boosting 

0.951 1.277 1.130 0.895 2.008 4.968 

XGBoost 0.972 0.719 0.848 0.599 1.327 4.933 
Linear 
Regression 

0.448 14.380 3.792 3.250 7.266 2.472 

SVM 
Regression 

0.196 20.927 4.575 3.840 8.489 1.585 

Adaptive 
Ensemble 

0.907 2.410 1.552 1.298 2.954 3.950 

After Preprocessing 

Model R2 MSE RMSE MAE MAPE STD 
Polynomial 
Regression 

0.888 2.917 1.708 1.307 2.854 5.123 

Decision 
Tree 

0.841 4.142 2.035 1.495 3.364 5.466 

Random 
Forest 

0.941 1.534 1.239 0.977 2.202 4.918 

Gradient 
Boosting 

0.944 1.446 1.203 0.914 2.054 5.145 

XGBoost 0.970 0.774 0.880 0.640 1.438 5.022 
Linear 
Regression 

0.443 14.490 3.807 3.267 7.307 2.452 

SVM 
Regression 

0.618 9.954 3.155 2.628 5.788 2.450 

Adaptive 
Ensemble 

0.932 1.765 1.329 1.064 2.436 4.314 

Through boxplots, Figure 5 graphically illustrates the distribution of 

the input features Pd, f, and OV after outlier handling concerning 

the target HD. The frequency exhibited the narrowest interquartile 

range (IQR) around the median, implying a fairly consistent variation 

in hardness under different conditions of f.  

 
Figure 5. Boxplot of input features after outlier removal, 

illustrating data distribution and variability for model training. 

The OV, in contrast, exhibits a notable expansion in IQR and range, 

indicating that hardness is affected by a multifaceted connection with 

this variable. The Pd occupies an intermediate range, indicating 

moderate variability. The absence of outliers suggests the 

effectiveness of the preprocessing applied. 

The correlation matrix presents the dependency between process 

variables through the correlation coefficient, which provides the 

impact and nature of the relationship between variables in the dataset 

and enhances feature selection [50]. Figure 6 shows the relationships 

between the input features Pd, f, and OV percentage and the surface 

hardness of the alloy.  

The correlation matrix presents the dependency between process 

variables through the correlation coefficient, which provides the 

impact and nature of the relationship between variables in the dataset 

and enhances feature selection [50]. Figure 6 shows the relationships 

between the input features Pd, f, and OV percentage and the surface 

hardness of the alloy after applying laser hardening.  

 
Figure 6. Correlation matrix of input features and target, showing 

the strength of relationships to guide ML model interpretation. 
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A moderate and direct relationship of 0.43 between the OV and 

hardness was observed from the correlation matrix. The moderate 

relationship of both parameters Pd and OV percentage, with 

hardness is attributed to their binary effect, irrespective of the nature 

of directionality. At the lowest sizes of OV, the heating is adequate 

for ablation of the black coat and building the necessary plasma 

pressure for cold working. The excessive heating of the surface of 

the metal occurs when the OV increases, resulting in softening, 

surface damage, and an increase in hardness due to the heat-treating 

mechanism and microstructural changes [51]. The correlation 

coefficient between Pd and hardness of -0.59 indicates a strong and 

converse relationship. This can be attributed to the alteration of the 

strain hardening mechanism initiated by the exacerbated plasma 

pressure, by the excessive heat input leading to material softening or 

thermal damage [52,53]. 

The influence of f on surface hardness is extremely weak, as 

indicated by the negative low correlation coefficient of -0.10, 

suggesting no direct or negligible relationship between them within 

the range of experiments used. Nevertheless, the f has an indirect 

effect on the process due to its contribution to other parameters in 

heat accumulation per unit area. 

The combined interaction between parameters through the inter-

parameter relationships between Pd and OV shows a good 

correlation coefficient of -0.70. This suggests better input feature 

optimization can yield good performance when higher Pd’s are 

linked with lower OV percentages. On the other hand, the f reveals 

a weak correlation coefficient with Pd and OV of -0.13 and 0.18, 

respectively, confirming the negligible influence on hardness under 

the conditions of the current study. It can be deduced that both Pd 

and OV are the critical parameters for manipulating the hardness, 

where an inadequate combination can be deleterious due to thermal 

effects.  

5.3 Model’s Ability in Predicting Hardness 

Evaluating the lab results with those obtained by employing ML in 

the test set yields insights into their performance and prediction 

accuracy. The degree of compliance and the relationship between the 

actual and the predicted data are presented by the plots in Figure 7. 

A greater degree of convergence enhances a model's ability to 

precisely capture the true underlying patterns in the data. The 

deviation of the point away from the line points to higher disparities 

between the actual and predicted data. On the other hand, more 

convergence between the points and the line refers to more accurate 

predictions and matching the actual data. Evaluation of the ML 

model performance yielded the following remarks, ordered from the 

worst to the best in performance accuracy: 

1. Linear Regression: Due to its inability to capture nonlinear 

patterns of datasets, points showed great deviation from the ideal 

line, suggesting failure of the model in the performance of 

prediction. 

2. SVM Regression: Exhibits a clear separation between the actual 

and predicted values, as SVM aims to maximize the margin between 

classes. The model performs well in a few regions of data points only, 

these points are clustered closely around the ideal line. 

3. Decision Tree Regression: Unlike the previous two models, its 

point distribution showed the same trend of the ideal line, associated 

with some scattering due to its sensitivity to changes in data. 

4. Polynomial Regression: Has common features with the previous 

Decision Tree model regarding the scattering of points around the 

ideal line and the accuracy of predictions.  

5. Random Forest Regression: More aggregation of data points than 

in the previous model. The model performance is quite similar to the 

next model. 

6. Gradient Boosting Regression: More concentration of scattered 

points around the ideal line indicates performance improvement 

compared with the limitation in the previous models, represented by 

enhancement of the accuracy of prediction and reduction of errors. 

7. Adaptive Ensemble Regression: Although it leverages the strength 

of predictions from several base models, the points showed limited 

deviations from the ideal line, which degrade the accuracy of 

predictions compared with the XGBoost model. 

8. XGBoost Regression: The points are concentrated closer to the 

ideal line, indicating the best predictivity with a higher level of 

accuracy and effectiveness in capturing the underlying pattern within 

the data. 

5.4 Models Strengths and Limitations 

The Taylor diagram, shown in Figure 8, considers multiple measures 

simultaneously to provide a comprehensive comparison between the 

observed and predicted models.  In addition, this graphical 

representation highlights an understanding of the strength of each 

model to replicate patterns and variability, as well as its limitations. 

It visually combines the standard deviation, correlation factor, and 

RMSE of models, which are represented by points on the graph 

relative to the observed model. The distributed points of models 

close to the reference model are marked as considerably matching 

the reference model's performance. The following descending-

ordered models are the closest models to the reference model: 

XGBoost, Adaptive Ensemble, Gradient Boosting, Random Forest, 

Polynomial Regression, and then Decision Tree. 

The angle between a model’s point and the line of reference point 

pertains to the gap in the standard deviation and variability relative 

to the reference model. The XGBoost makes the lower angle, 

indicating a closer degree of variability with the reference model. On 

the contrary, the SVM and linear regression models show high 

variability due to their location at the highest angle among all models. 

The other models lay on the same radial line, indicating similar 

spreading and matching in an intermediate level of variability. 

The shorter distance between the origin and a model's point suggests 

its more efficient prediction accuracy. Accordingly, the XGBoost 

model is the most reliable and robust in hardness predictivity 

accuracy. The Taylor diagram exhibited that the XGBoost model 

demonstrated the highest correlation of approximately 0.85, less 

angle with the reference line indicating less spreading and variability, 

and minimum RMSE, making it a significant model in performance 

with accuracy in predictions. 
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Figure (7): Prediction of hardness by different ML models. 

Among the employed eight ML algorithms, the Linear regression, 
SVM regression models showed underfitting of data, resulting in 
inaccuracy and failure to hold the non-linear nature of relationships 
of laser surface hardening. Their presence introduces significant bias 
to the performance and prediction capability of the ensemble, 
especially the Adaptive Ensemble model. According to that, the 
procedures were repeated after excluding these models from the 
work. The results exhibited a significant enhancement in the 
Adaptive Ensemble model and a varying degree of improvement in 
the other model's performance. Figure 9 shows the Taylor graph 
after eliminating the Linear and SVM regression models. Although 
the effectiveness of the ensemble as a whole was enhanced by 
excluding these two weak models, their order of good performance 
still exists.  
The other models, like Gradient Boosting, Random Forest, Decision 
Tree, and XGBoost demonstrated improvement in demonstrating 
the variability representation of the experimental hardness values. 
They showed closer clustering in standard deviation to the reference, 
more alignment with the observed data, an enhancement in the 

correlation coefficients, and better values of RMSE. The clustering 
on the Taylor plot means a reduction in the variance in performance 
in all models, making the models more robust, consistent, and 
reliable.  

 
Figure (8): Comparison of utilized ML models through Taylor 

plot. 

 
Figure (9): Comparison of utilized ML models after excluding 

Linear and SVM regression models. 

Table (4): Models of ML after eliminating Linear and SVM 
models, before and after preprocessing. 

Before Preprocessing 

Model R2 MSE RMSE MAE MAPE STD 
Polynomial 
Regression 

0.881 3.090 1.758 1.469 3.235 5.085 

Decision 
Tree 

0.841 4.130 2.032 1.477 3.232 5.870 

Random 
Forest 

0.937 1.635 1.279 1.015 2.266 4.960 

Gradient 
Boosting 

0.946 1.398 1.182 0.901 2.024 5.137 

XGBoost 0.970 0.774 0.880 0.640 1.438 5.022 
Adaptive 
Ensemble 

0.943 1.492 1.221 0.938 2.064 5.257 

After Preprocessing 

Model R2 MSE RMSE MAE MAPE STD 
Polynomial 
Regression 

0.896 2.701 1.644 1.275 2.801 5.216 

Decision 
Tree 

0.926 1.923 1.387 1.128 2.560 5.165 

Random 
Forest 

0.944 1.467 1.211 0.955 2.157 4.897 

Gradient 
Boosting 

0.945 1.422 1.192 0.906 2.039 5.142 
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XGBoost 0.970 0.774 0.880 0.640 1.438 5.022 
Adaptive 
Ensemble 

0.949 1.319 1.148 0.897 2.009 5.076 

 
Table 4 tabulates the enhancement in performance metrics without 

Linear regression and SVM models, before and after preprocessing, 

and Table 5 presents the percentage of changes in performance 

metrics after preprocessing. The negative sign in Table 5 refers to a 

reduction in values after preprocessing and vice versa. The 

performance metrics show 0% changes before and after 

preprocessing, revealing a consistent outperform of the XGBoost 

model among others in both phases. Achieving the highest R2 of 

0.970 and minimum values of error metrics, demonstrating 

remarkable precision, consistency, and stability in the prediction of 

this model. The Adaptive Ensemble model benefits from the 

preprocessing through achieving some enhancement in R2 value of 

0.949 (0.71%) and good reduction of error metrics to be in the 

second order of strength, and after and close to XGBoost.  

The preprocessing significantly improved the performance of the 

Polynomial Regression, but it kept the last position in the rank of 

quality among the other five models. A substantial increase in R2, 

from 0.841 to 0.926 (1.69%), and a reduction in the error metrics, -

12.58% in MSE, observed in the Decision Tree model, which 

indicates an enhancement in the performance of the model. The 

Gradient Boosting and Random Forest models kept their good 

performance before and after preprocessing, represented by their 

lowest percentage of changes in metrics. 

Among the employed eight ML algorithms, the Linear regression, 

SVM regression models showed underfitting of data, resulting in 

inaccuracy and failure to hold the non-linear nature of relationships 

of laser surface hardening. Their presence introduces significant bias 

to the performance and prediction capability of the ensemble, 

especially the Adaptive Ensemble model. According to that, the 

procedures were repeated after excluding these models from the 

work. The results exhibited a significant enhancement in the 

Adaptive Ensemble model and a varying degree of improvement in 

the other model's performance. Figure 9 shows the Taylor graph 

after eliminating the Linear and SVM regression models. Although 

the effectiveness of the ensemble as a whole was enhanced by 

excluding these two weak models, their order of good performance 

still exists.  

The other models, like Gradient Boosting, Random Forest, Decision 

Tree, and XGBoost demonstrated improvement in demonstrating 

the variability representation of the experimental hardness values. 

They showed closer clustering in standard deviation to the reference, 

more alignment with the observed data, an enhancement in the 

correlation coefficients, and better values of RMSE. The clustering 

on the Taylor plot means a reduction in the variance in performance 

in all models, making the models more robust, consistent, and 

reliable.  

Table 5. The percentage changes in performance metrics after 

preprocessing. 

 Model 
R2 
(%) 

MSE 
(%) 

RMSE 
(%) 

MAE 
(%) 

MAPE 
(%) 

Polynomial 
Regression 

1.69 -12.58 -6.50 -13.18 -13.41 

Decision 
Tree 

10.08 -53.45 -31.77 -23.66 -20.79 

Random 
Forest 

0.69 -10.24 -5.26 -5.95 -4.79 

Gradient 
Boosting 

-0.10 1.71 0.85 0.58 0.76 

XGBoost 0.00 0.00 0.00 0.00 0.00 
Adaptive 
Ensemble 

0.71 -11.60 -5.98 -4.33 -2.63 

 

5.5 Model Predictions 

The importance of each input feature for predicting the surface 

hardness was computed by applying sensitivity analysis to each 

parameter. The XGBoost and Adaptive Ensembles models showed 

close matching in their prediction capabilities. Figure 10 illustrates 

the sensitivity of XGBoost and Adaptive Ensembles models to the 

input feature Pd, OV, and f regarding mean absolute SHapley 

Additive exPlanations (SHAP) values. The latter interprets the 

contribution of each parameter on the shaping prediction of the 

model, where the greater values indicate a greater influence on the 

model’s output. The Pd is the most influential parameter with a mean 

SHAP value of about 2.9, which means changes in this feature have 

a major impact on the model's prediction. The moderate relevance 

of OV is indicated by 0.75, followed by the f feature, which showed 

the least influence in affecting the prediction of an approximate value 

of about 0.25. 

The prediction accuracy across the six models for various input 

feature ranges demonstrated reliable and consistent predictions. 

Figure 11 compares the predicted normalized values of the six ML 

models with the actual values. The clustering of predicted values 

around feature value ranges suggests harmonizing with the 

prediction ranges. A strong correlation is noted between all models 

predictions with actual values, particularly for XGBoost and 

Adaptive Ensemble, signifying remarkable performance. 

 
Figure 10. The importance of input features in models' prediction 

for XGBoost and Adaptive Ensemble models. 

 
Figure 11. The importance of input features in models' prediction 

for XGBoost and Adaptive Ensemble models. 



Al-Nahrain J. Eng. Sci. 29(2) 235-246, 2026                                                                                                                                      Hussein et al. 

 
244 

6. Conclusions 

The study modelled and optimized the surface hardening process 

through cold working of aluminium alloy employing a nanosecond 

fiber laser utilizing ML technique. To build a robust, consistent, and 

reliable model, it is essential to analyze the input features Pd, f, and 

OV, implement data preprocessing, and handle outliers. The results 

revealed varying levels of performance of models, showcasing 

variability in their predictive abilities. The following remarks are 

concluded from the study: 

1. The linear and SVM regression models were ineffective in 

capturing the nonlinearity of the process and exhibited no or limited 

improvement in performance after preprocessing. The 

preprocessing did not alter the changes to the performance metrics 

of the linear model. Moreover, significantly enhances the 

performance of SVM by 215.3 % in R2 and 52.43 % in MSE, yet the 

model is still the least effective among the models and is considered 

unsuitable in this context.  

2. The exclusion of underperforming models, the Linear and SVM 

regression models, has improved the Adaptive Ensemble model in 

particular, and overall ensemble performance. This approach 

resulted in a reduction of bias and enhanced the accuracy of the 

ensemble. 

3. Although the preprocessing did not affect the performance 

metrics of the XGBoost model by 0% changes, it demonstrated 

superior performance with high predictive accuracy. The model 

attained an R2 of 0.970 and an MSE of 0.774, making it the most 

trustworthy model in predicting surface hardness.  

4. After eliminating weak models, the Adaptive Ensemble model 

ranks second among the powerful models, attaining R2 and MSE 

values closely approximating those of XGBoost, indicating 

significant accuracy in prediction.  

5. The Gradient Boosting and Random Forest showed good and 

convergent values of performance metrics and could be qualified as 

accurate models in prediction. 

6. The Polynomial and Decision Tree models exhibited a decline in 

performance, demonstrating they are not the first suitable choice in 

predicting the process.  

7. The sensitivity analysis of parameters exposed that the Pd has the 

most significant role in influencing the surface hardness, followed by 

the OV. The f demonstrated the minimal influence within the 

examined range of parameters.  

The relatively small dataset of 108 and the limited laser frequency 

range of 20–25 kHz in this study were its limitations. It highlights 

the potential of ML models—especially XGBoost and Adaptive 

Ensemble—in predicting laser-induced hardening. The findings can 

support industrial applications, and future work may explore broader 

datasets and deeper learning techniques to improve model 

robustness. Future research may employ processing other types of 

alloys using another technique, test deep learning models for 

enhancing prediction accuracy, and study the feasibility of process 

deployment in an industrial setting. 
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