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 Maintaining consistent product quality in Laser Metal Deposition (LMD) is challenging, as small 
parameter variations can cause critical defects. Traditional quality control methods are often 
manual, time-consuming, and error-prone, limiting their industrial scalability. The development 
of Industry 4.0 technologies enables the integration of smart sensors and machine learning to 
create intelligent and data-driven quality monitoring systems. This research focuses on 
classifying product quality in the Laser Metal Deposition (LMD) process by applying three 
machine learning algorithms, namely Decision Tree (DT), Random Forest (RF), and Support 
Vector Machine (SVM). The dataset consists of four numerical sensor variables, including 
Optical Sensor, Laser Power, Pressure, and Temperature, with Defect Label as the binary target 
variable. The Synthetic Minority Oversampling Technique (SMOTE) is used to balance the class 
distribution. Correlation analysis reveals weak linear relationships among all variables, 
suggesting the presence of complex non-linear interactions. The Random Forest model produces 
the best performance with accuracy of 0.88, recall of 0.79, and AUC of 0.80, outperforming 
Decision Tree and SVM. These findings indicate that ensemble-based methods effectively 
capture complex patterns within sensor data and provide reliable predictions for intelligent 
quality control in advanced metal manufacturing systems. 

I. INTRODUCTION 

The manufacturing industry has experienced rapid growth 
in line with the implementation of the Industry 4.0 concept, 
which emphasizes the integration of automation, smart 
sensors, and artificial intelligence within production systems 
[1]. This transformation has changed the way companies 
maintain product quality consistency to ensure compliance 
with established standards. Quality control (QC) has become a 
vital component in manufacturing processes, as it determines 
both the reliability of production outcomes and the company’s 
reputation. Products that fail to meet quality standards can lead 
to serious consequences, ranging from increased production 
costs to decreased customer satisfaction. Conventional manual 
inspection systems, which are still widely used, tend to be 
slow, rely on operator subjectivity, and are inefficient when 
dealing with large-scale production. Technological 
advancements have opened opportunities for the adoption of 
machine learning (ML) based methods capable of analyzing 
data in real time, thereby enabling faster decision-making [2]. 
Simanjuntak et al. (2025) demonstrated that the integration of 
sensors in an IoT-based system can process data in real time 
and provide rapid responses through digital notifications [3]. 

The need for adaptive and accurate quality control systems 
serves as the main foundation of this research. The industrial 
sector demands a mechanism for detecting nonconforming 
products that can operate quickly and consistently under 
various production conditions. Previous studies have 

demonstrated that the application of ML is effective in 
improving quality control performance. Vorhemus et al. 
(2020) successfully enhanced the accuracy of industrial 
packaging defect detection using a Random Forest algorithm 
based on image data. Wurdianto et al. (2022) showed that 
Random Forest implementation reduced errors in steel quality 
evaluation to below 10% compared to conventional methods 
[4]. Han et al. (2021) demonstrated that Support Vector 
Machine (SVM) algorithms effectively classified numerical 
sensor data to predict production quality outcomes [5], 
whereas Zhang et al. (2020) found that a combination of 
Decision Tree and ensemble methods increased the accuracy 
of nonconformity detection in electronic components to more 
than 90% [6]. These findings collectively confirm that ML 
holds significant potential to support QC systems, although 
most studies still focus on image-based data or specific sectors 
such as automotive and metal industries. Research on 
numerical sensor data remains limited, despite its efficiency 
and relevance to modern industrial automation. 

This study aims to apply the Random Forest, Decision 
Tree, and Support Vector Machine algorithms to sensor-based 
Quality Control (QC) systems in order to analyze numerical 
sensor data for product quality determination. The research 
focuses on evaluating the effectiveness of machine learning 
models in recognizing sensor data patterns to detect production 
outcomes that deviate from quality standards. The novelty of 
this work lies in applying classification algorithms to non-
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image numerical sensor data, which have not been extensively 
explored in the Quality Control context. This study is expected 
to broaden the application of ML in Quality Control systems 
within metal manufacturing industries using numerical sensor 
data. 

 
 

II. LITERATURE REVIEW 

A. Decision Tree 

Decision Tree (DT) is a tree-structured classification 
model that recursively divides data based on the attribute with 
the highest information gain until it forms easily interpretable 
decision rules [7]. The research findings indicate that the DT 
algorithm achieved the highest accuracy of 92% compared to 
Naive Bayes and K-Nearest Neighbor (K-NN) in classifying 
healthcare data, demonstrating its capability to capture 
complex relationships among variables and produce accurate, 
interpretable decisions. This advantage makes the DT that 
require a balance between predictive accuracy and result 
interpretability [8]. 

The implementation of DT on electronic production sensor 
data has been proven effective in distinguishing between 
normal and abnormal product conditions, achieving an 
accuracy level of up to 89% [9]. Its stability can further 
improve by approximately 10% when the optimal tree depth 
and minimum sample size are properly configured [10]. The 
choice of splitting criteria such as Gini or entropy not only 
affects accuracy but also determines the model’s sensitivity to 
minority classes [11]. The Gini index measures the impurity 
level of a node, while entropy quantifies the uncertainty of 
class distribution within a node. Their respective values can be 
calculated using Equations (1) and (2) [12]. Both metrics are 
then utilized to determine the optimal split based on the 
Information Gain (IG), as defined in Equation (3) [13]. 
 

𝐺𝑖𝑛𝑖(𝐷) = 1 − ෍ 𝑝௜
ଶ

௞

௜ୀଵ

(1) 

 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷) = − ෍ 𝑝௜

௞

௜ୀଵ

logଶ(𝑝௜) (2) 
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௏
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 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷௩) (3) 

 
where 𝐷 denotes the data node, 𝑘 is the number of target 
classes, and 𝑝௜  is the class proportion within 𝐷. The attribute 
𝐴 serves as the splitting variable, while 𝐷௩  denotes the subset 
formed according to the value of 𝐴. 

On imbalanced datasets, the combination of DT with 
balancing techniques such as SMOTE has been proven to 
increase the recall of minority classes by up to 20% without 
reducing precision [14]. DT can also be employed to develop 
fast detection systems based on simple rule sets, demonstrating 
its capability for real-time application in quality control [15]. 
In general, DT remains a fundamental model that functions not 
only as a standalone classifier but also as the foundation for 
ensemble algorithms such as Random Forest and Gradient 

Boosting. Its advantages lie in ease of interpretation and low 
computational cost, making it ideal for sensor-based QC 
systems [16]. 

 
B. Random Forest 

Random Forest (RF) is an ensemble learning method that 
constructs multiple decision trees using a bootstrap sampling 
approach, which enhances model robustness while minimizing 
overfitting tendencies. Each tree is trained on a random subset 
of features, a strategy that reduces correlation among trees and 
leads to more stable and consistent predictions compared to a 
single Decision Tree [16]. As an ensemble of decision trees, 
RF utilizes measures such as Gini index, entropy, and 
information gain in its splitting process. The final 
classification output is determined through a voting strategy, 
where each tree contributes a vote, and the class with the 
majority votes is selected as the final prediction, as shown in 
Equation (4) [17]. Increasing the number of trees up to a 
certain limit can reduce model variance without significantly 
decreasing accuracy [18], making RF a commonly used 
baseline model [19]. 

 
 

𝑦ො = mode{ ℎଵ(𝑥), ℎଶ(𝑥), … , ℎ்(𝑥)}  (4) 

 
where 𝑦ො denotes the final predicted class produced by the 
Random Forest model, ℎ௧(𝑥) represents the prediction result 
obtained from the 𝑡௧௛ decision tree for an input 𝑥, and 𝑇 
indicates the total number of trees included in the ensemble. 

The RF algorithm is effectively used to analyze complex 
industrial sensor data that contain noise within quality control 
(QC) processes. In a surface inspection system based on 
pressure sensor data, RF demonstrated a performance accuracy 
of 92.6% [15], while other studies reported comparable results 
in detecting nonconformities in electronic products with an 
error rate below 10% [20]. Moreover, RF was able to reduce 
false defect detection by up to 28% compared to traditional 
linear models [21]. Another strength of RF lies in its capability 
to perform feature importance evaluation, which identifies the 
sensors that contribute most significantly to product quality 
[22-23]. 

Furthermore, handling imbalanced data is a crucial factor 
in industrial applications. The integration of RF with the 
Synthetic Minority Oversampling Technique (SMOTE) has 
been proven to enhance model sensitivity toward minority 
classes [24], this approach can improve recall by up to 15% 
without reducing precision [25]. In the manufacturing domain, 
RF has been applied to textile sensor data combined with 
oversampling and hyperparameter tuning using Randomized 
Search [26]. The use of ROC-AUC and PR-AUC metrics is 
recommended over a single accuracy measure when 
evaluating model performance under imbalanced class 
distributions [27]. 

Overall, Random Forest (RF) is widely regarded as a robust 
algorithm for detecting product anomalies in quality control 
systems, offering stable performance compared to Support 
Vector Machine (SVM) and Logistic Regression (LR), 
particularly for non-image sensor data. Its strong predictive 
ability and adaptability make it one of the most reliable models 
for ML-based quality control [28-29].  
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C. Support Vector Machine 

Support Vector Machine (SVM) is a classification 
algorithm based on the maximum margin theory, which aims 
to find an optimal hyperplane that separates two or more 
classes with the maximum distance between decision 
boundaries [30]. In general, the formula for separating target 
classes using a hyperplane is expressed in Equation (5) [31]. 
Through kernel functions such as Radial Basis Function (RBF) 
and Polynomial, SVM can map non-linear data into a higher-
dimensional space without explicit computation, making it 
highly effective for detecting complex patterns in industrial 
sensor data. Equation (6) defines the Radial Basis Function 
(RBF) kernel, which is commonly used in SVM applications 
[30]. 

𝑓(𝑥) = ω ⋅ 𝑥 + 𝑏 (5) 
 

𝐾൫𝑥௜ , 𝑥௝൯ = exp൫−𝛾|𝑥௜ − 𝑥௝|ଶ൯ (6) 
 
where 𝜔 denotes the weight vector, 𝑥 represents the feature 
vector of the input data, and 𝑏 is the bias term. The function 
𝐾(𝑥௜ , 𝑥௝) indicates the kernel value computed between two 
samples 𝑥௜  and 𝑥௝, where ∥ 𝑥௜ − 𝑥௝ ∥ଶ denotes their squared 
Euclidean distance, and 𝛾 is the kernel parameter that controls 
the spread of the radial basis function. 

SVM has been proven effective in classifying machine 
vibration sensor data with an accuracy of 96%, even under 
imbalanced class conditions [32]. Furthermore, SVM can 
identify micro-damages faster than linear algorithms in 
bearing fault detection [33]. It also demonstrates superior 
performance in predicting machine failures up to 15 minutes 
before the actual breakdown in sensor-based inspection 
systems, achieving an accuracy above 90% and an AUC of 
0.97 [28]. 

The performance of SVM is highly influenced by the 
selection of the C and gamma parameters. Equation (7) 
represents the SVM objective function, which minimizes both 
the weight magnitude and the penalty for margin violations 
through parameter C, controlling the trade-off between margin 
width and misclassification rate in the training data. Equation 
(8) defines that each training sample must lie on the correct 
side of the margin, with 𝜉௜ serving as the error tolerance 
variable, while Equation (9) explains the optimization of C and 
γ parameters through Grid Search and Cross-Validation to 
obtain the best combination and enhance model generalization 
[31-34]. Parameter optimization via grid search can improve 
average accuracy by approximately 8–12% compared to using 
default parameter settings [35]. 

min
௪,௕,క

1

2
|𝑤|ଶ + 𝐶 ෍ 𝜉௜

௡

௜ୀଵ

(7) 

subject to, 

𝑦௜(𝑤்𝑥௜ + 𝑏) ≥ 1 − 𝜉௜ ,  𝜉௜ ≥ 0 (8) 
 
 

(𝐶∗, 𝛾∗) = arg max
஼,ఊ

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐶, 𝛾) (9) 

where 𝑤 denotes the weight vector, 𝑏 represents the bias term, 
and 𝜉௜ is the slack variable that allows margin violations. The 
parameter 𝐶 serves as the regularization coefficient controlling 

the trade-off between margin width and classification errors, 
while 𝑛 indicates the total number of samples. 

 
III. RESEARCH METHODS 

A. Type of Research 

This study falls under the category of quantitative 
experimental research, employing a comparative approach 
aimed at evaluating the performance of several machine 
learning algorithms in classifying product quality based on 
sensor data. This approach is adopted because it allows for 
objective model performance assessment through numerical 
measurement of specific evaluation metrics. The research is 
conducted using a supervised learning framework, in which 
each data sample has been labeled with a binary class 
(defective and non-defective). 

 
B. Data and Data Sources 

The dataset used in this study is the Laser Metal Deposition 
(LMD) Sensor for Defect Detection and Quality Control, 
obtained from the Kaggle platform [36]. This dataset consists 
of synthetic data simulating sensor readings in the LMD 
process, which is one of the commonly used additive 
manufacturing methods in the metal manufacturing industry. 
Each data record represents a unique sample containing 
readings from five main sensors, namely Optical Sensor, Laser 
Power, Pressure, Temperature, and Defect Label as the target 
variable. The target label is binary, where a value of 1 indicates 
a defective product and 0 indicates a normal (non-defective) 
product. The dataset comprises 1,000 numerically scaled 
samples that represent realistic conditions of sensor-based QC 
systems in dynamic manufacturing environments, making it 
relevant for developing and evaluating defect detection 
algorithms. 

The dataset was split into two subsets using a stratified 
sampling approach to preserve class distribution, where 70% 
of the data were assigned for training and the remaining 30% 
for testing. To address class imbalance, the Synthetic Minority 
Oversampling Technique (SMOTE) was applied to equalize 
the number of samples across classes in the training data. 
 
C. Research Flowchart 

The flowchart in Figure 1 illustrates the stages of the 
research, starting from data input and preprocessing, which 
include cleaning and format adjustment to make the data ready 
for use. The data were then divided into training and testing 
sets before model training was carried out using three 
algorithms, namely Decision Tree, Random Forest, and 
Support Vector Machine. In the model training stage, 
parameter tuning was performed to determine the 
configuration that produces the best performance. The 
resulting models were then evaluated using the testing data to 
assess how accurately they could perform classification. This 
process ensures that the models obtained are not only optimal 
for the training data but also possess good generalization 
ability toward new data. After training, analysis and 
comparison of the results were conducted to evaluate the 
performance of each model, ultimately identifying the 
algorithm with the best performance for classification in the 
QC process. 
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D. Model Evaluation 

Model evaluation was carried out to measure how well the 
classification algorithms could recognize product quality 
conditions. The performance of each model was evaluated 
using the confusion matrix metrics, namely accuracy, 
precision, recall, F1-score, and ROC-AUC value, which are 
generally recommended in machine learning research for 
binary classification tasks [37]. 

 

 
 

Figure 1. Research Flowchart 
 

 
Table 1. Optimal Parameters of Classification Models 

Model Parameter 

Decision Tree 

criterion: gini 
splitter: best 

max_depth: 6 
min_samples_split: 4 
min_samples_leaf: 2 
max_features: sqrt 

Random Forest 

n_estimators: 600 
min_samples_split: 2 

in_samples_leaf: 2 
max_features: sqrt 

max_depth: 9 
bootstrap: True 

Super Vector 
Machine 

C: 10 
gamma: 0.01 

kernel: sigmoid 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(10) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(11) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(12) 

 
 

𝐹1-𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(13) 

 
where 𝑇𝑃 and 𝑇𝑁 represent the numbers of correctly predicted 
positive and negative samples, respectively, while 𝐹𝑃 and 𝐹𝑁 
denote the numbers of incorrectly predicted positive and 
negative samples. These values are used to compute the four 
standard classification metrics: Accuracy, Precision, Recall, 
and F1-Score. 

Accuracy is used as a basic metric to measure the 
proportion of correct predictions against the overall test data, 
as shown in Equation (10). The higher the accuracy value, the 
better the model’s ability to perform general classification. 
However, accuracy is not sufficiently representative for 
datasets with significant class imbalance because it may be 
biased toward the majority class [38]. To overcome this 
limitation, two additional metrics are used, namely precision 
and sensitivity (recall). Precision measures the model’s 
correctness in predicting positive classes accurately among all 
positive predictions, as stated in Equation (11). 

Meanwhile, sensitivity or recall measures the model’s 
ability to detect all truly positive data, as shown in Equation 
(12). A high precision value indicates that the model rarely 
makes errors in predicting positive classes, while a high recall 
value indicates the model’s capability to detect all positive 
cases accurately. The F1-score metric is used to obtain a 
balance between precision and recall, which can be calculated 
using Equation (13). 
 
E. Model Parameters 

The process of determining the optimal parameters was 
carried out using the Grid Search Cross-Validation method to 
obtain configuration combinations that provide the best 
performance on the training data. The selected parameters 
represent a balance between accuracy, generalization 
capability, and computational efficiency. The details of the 
tuned parameters for the three classification models are 
presented in Table 1. 

Based on the tuning results, DT, RF, and SVM models 
were configured using the optimal parameters summarized in 
Table 1. The Decision Tree was optimized to control model 
complexity, the Random Forest to improve prediction stability 
through bootstrap aggregation, and the SVM to capture non-
linear patterns using a sigmoid kernel. The model training 
process also incorporated StandardScaler and SMOTE to 
ensure balanced class distribution. The optimal parameters 
listed in Table 1 were applied in each respective model during 
the training phase to ensure consistent comparison of 
performance. These configurations served as the baseline for 
evaluating the classification results presented in the 
subsequent figures. 
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Figure 2. Class Distribution Before and After SMOTE 

 
 

 
 

Figure 3. Correlation Matrix Among Variables 
 

IV. RESULTS AND DISCUSSION 

The study applied three machine learning algorithms, 
namely Decision Tree, Random Forest, and Support Vector 
Machine, to classify product conditions in the Laser Metal 
Deposition (LMD) process. The dataset contains readings 
from five numerical sensors, namely Optical Sensor, Laser 
Power, Pressure, Temperature, and Defect Label as the binary 
target. The data proportion in Figure 2 shows the dominance 
of the no-defect class, therefore data balancing using the 
Synthetic Minority Oversampling Technique (SMOTE) was 
required for the training data. 

The application of SMOTE successfully balanced the 
distribution between the no-defect (0) and defect (1) classes, 
each reaching 50%, as shown in Figure 2. The balanced data 
were then used during the model training process using 
Decision Tree, Random Forest, and Support Vector Machine. 

The correlation matrix in Figure 3 shows the relationships 
among variables in the dataset. The findings indicate that the 
correlations of Temperature and Pressure with the target class 
are very weak, with correlation values of -0.03 and -0.04, 
respectively. The low correlation values indicate non-linear 
relationships among the variables, therefore the Decision Tree, 
Random Forest, and Support Vector Machine models were 
selected to capture non-linear patterns that could not be 
detected through linear relationships. 

Subsequently, the initial evaluation of the Decision Tree 
model in Figure 4 shows an AUC value of 0.59, indicating that 
the classification ability is still low since the model has not yet 
been able to consistently distinguish between the two classes. 
The ROC curve in Figure 5 shows the performance of the 
Random Forest model in distinguishing classes with an AUC 
value of 0.80. This value indicates good classification 
capability, showing that the model can effectively distinguish 
between the two classes with a good balance between 
sensitivity and specificity. 

 

Figure 4. ROC Curve of the Decision Tree Model 
 

 
Figure 5. ROC Curve of the Random Forest Model 

 

 
Figure 6. ROC Curve of the Support Vector Machine Model 
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The ROC curve in Figure 6 illustrates the performance of 
the SVM model based on an AUC value of 0.60. The results 
indicate that the classification capability is still limited, 
suggesting that the SVM model has not yet been able to fully 
establish a clear decision boundary between the two classes, 
resulting in relatively lower sensitivity and specificity 
compared to RF. 

After identifying the performance of each model in 
distinguishing the classes, an evaluation using the confusion 
matrix was conducted to observe more clearly the distribution 
of prediction results on the test data. Figure 7 presents the 
confusion matrix of the DT model. It can be seen that the 
model successfully recognized most No Defect data with an 
accuracy rate of 80%, but only 1% of Defect data were 
correctly identified. The high false negative rate (18%) 
indicates that the model remains biased toward the majority 
class. This pattern is consistent with the previously obtained 
AUC value, which is relatively low, suggesting that DT has 
not yet performed optimally in handling data with imbalanced 
class distribution. 

The confusion matrix evaluation for the RF model is 
presented in Figure 8. The distribution of values along the 
main diagonal shows an improvement in performance 
compared to DT, with a true negative proportion of 72% and a 
true positive proportion of 15%. The relatively small false 
positive and false negative values indicate that the RF model 
is able to maintain a good balance between accuracy and 
sensitivity. These results are consistent with the AUC value of 
0.80. This finding demonstrates that the bootstrap aggregation 
mechanism in RF is effective in reducing variance and 
enhancing the model’s generalization capability on the test 
data. 

Figure 9 presents the confusion matrix for the SVM model. 
Most of the No Defect data were correctly classified at 80%, 
but the model failed to correctly identify any Defect data (0% 
true positive) and produced a relatively high false negative rate 
of 17%. This distribution indicates that the SVM model tends 
to be overly cautious in making positive predictions, which 
results in low sensitivity toward the Defect class. These results 
are consistent with the AUC value of 0.60, reflecting moderate 
discriminative capability and a suboptimal separation margin. 

The model evaluation results in Figure 10 show that the 
Decision Tree achieved a high accuracy of 0.82, but the AUC 
value of only 0.50 indicates a limitation in distinguishing 
between the two classes in the data. The discrepancy between 
the perfect recall and the low AUC value suggests overfitting, 
where the model becomes overly adjusted to the specific 
patterns of the training data. The decision tree analysis in 
Figure 11 shows that the Laser Power variable, with a 
threshold value of 0.846, serves as the main determinant of 
classification. This finding indicates that the model tends to 
rely on a single dominant attribute, which leads to reduced 
stability when faced with complex inter-variable relationships. 
This confirms that a single decision tree has limitations in 
capturing non-linear patterns within the data. 

The model performance increased significantly when the 
ensemble approach was applied. The values shown in Figure 
10 indicate that RF achieved an AUC of 0.80 and a recall of 
0.79 with an accuracy of 0.88. The combination of bootstrap 
aggregation and random feature selection produced a variance 
reduction effect, resulting in more consistent predictions. The 

AUC improvement of 0.21 compared to DT confirms stronger 
discriminative capability and better prediction stability on the  
test data. This performance demonstrates that ensemble 
models are more robust to noise and can maintain performance 
on fluctuating sensor data. 

 

 
 

Figure 7. Confusion Matrix of The Decision Tree Model 
 
 

 

 

Figure 8. Confusion Matrix of The Random forest Model 

 
 

Figure 9. Confusion Matrix of The Support Vector Machine Model 
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Meanwhile, the values shown in Figure 10 for the Support 

Vector Machine model depict a different characteristic. This 
model achieved an accuracy of 0.77 and an AUC of 0.60 with 
a recall of 0.92, showing a tendency to recognize most defect 
data but with a decision boundary that is not yet optimal. The 
relatively low AUC value indicates an imbalance between the 
ability to recognize minority classes and the overall 
classification stability. This condition occurs because the RBF 
kernel function has difficulty forming a sharp decision 
boundary when features such as Pressure and Temperature 
have overlapping distributions. The tuning of parameters γ and 
C was not yet optimal, resulting in an excessively wide margin 
and causing some minority data to be classified as non-defect. 
These findings suggest that proper kernel tuning could 
increase the AUC by 10–12% for data with complex non-linear 
patterns. 

Overall, the evaluation results show that the Random 
Forest model provides the best performance compared to 
Decision Tree and SVM. The bagging mechanism and random 
feature selection enhance stability and reduce the overfitting 
that occurs in a single tree. Conversely, SVM exhibits high 
sensitivity to minority classes, but its margin stability is 
limited due to overlapping feature distributions. These 
findings confirm that ensemble models are more adaptive to 
fluctuating and non-linear LMD sensor data. 

These results are consistent with the findings of Han et al. 
(2021) dan Wurdianto et al. (2022), which indicate that 
ensemble-based algorithms are more stable than single models 
in detecting production defects [4-5]. The increase in AUC in 
this study confirms the effectiveness of the bagging approach 
on non-image sensor data, expanding the application of 
machine learning in LMD-based industrial quality control 
systems. 

 
Figure 10. Comparison of Classification Model Performance 

 

Figure 11. Decision Tree Structure of the Decision Tree Model 
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V. CONCLUSIONS 

Based on the conducted research, it was found that the 
Random Forest model provided the best performance, with an 
AUC value of 0.80, accuracy of 0.88, and recall of 0.79, 
indicating the model’s ability to maintain a balance between 
sensitivity and specificity. The bootstrap aggregation 
mechanism in Random Forest proved effective in improving 
prediction stability compared to Decision Tree and SVM. 
Meanwhile, the Decision Tree model achieved high accuracy 
(0.82) but a low AUC (0.50), indicating overfitting due to its 
dependency on a single dominant feature (Laser Power). The 
SVM model, on the other hand, showed good capability in 
detecting minority classes (recall 0.92) but with a decision 
margin that was not yet optimal. Overall, the results of this 
study demonstrate that non-linear ensemble approaches such 
as Random Forest are more suitable for analyzing sensor data 
with complex and non-linear inter-variable relationships in 
metal manufacturing industries. Although the Random Forest 
model achieved the best overall performance, its 
computational time was relatively higher than that of the 
Decision Tree. Moreover, this study was limited to synthetic 
data, which may not fully represent actual Laser Metal 
Deposition conditions. Future research is recommended to 
evaluate the model using real-time sensor data to improve 
result validity and to apply Bayesian-based hyperparameter 
optimization to enhance the model’s generalization and 
efficiency. 
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