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ABSTRACT This study presents a method for detecting ship coating quality using a portable Vis/NIR spectroscopy
system combined with machine learning. To improve accuracy, we integrated spectral transformation (Nippy), feature
selection methods (PSO and GA), and ensemble learning models. The experiments involved four coating quality levels,
producing 148 spectral samples. Results show that the proposed approach consistently outperforms single baseline
models and traditional feature selection methods such as PCA and IFS. The best performance was achieved by
combining Nippy with PSO, where the LDA algorithm reached 99.33% accuracy, while GA also showed strong results
with both single and ensemble models. We also examined ensemble results at different stages of preprocessing and
feature selection, showing that the ensemble maintained stable performance throughout the process. These findings
demonstrate that the integration of spectral transformation and metaheuristic feature selection can enhance model

robustness, providing more reliable and accurate coating quality detection for maritime applications.

KEYWORDS Classification, Ensemble model; Feature Selection; Non-destructive; Ship Coating; Vis/NIR

spectroscopy.

. INTRODUCTION

hip coatings are essential in the maritime industry for

protecting ships from corrosion, abrasion, and biofouling
caused by marine organisms [1]. High-quality coatings
improve operational efficiency, extend ship service life, and
reduce maintenance costs [2]. Conversely, corrosion, structural
damage, and biofouling increase operational costs and safety
risks when coating maintenance is inadequate [3]. International
organizations such as the International Maritime Organization
(IMO) and the Indonesian Classification Bureau (BKI) have
established standards that require regular inspections as part of
ship maintenance and certification procedures to mitigate these
risks [4, 5].

The methods currently used for detecting -coating
conditions have limitations that reduce their efficiency and
accuracy. Visual assessment, thickness measurement, and
adhesion testing can identify visible defects such as rust,
cracks, and peeling. However, these methods are subjective,
depend on worker expertise, and are unable to detect micro or
subsurface damage [6, 7]. Thickness and adhesion testing also
suffer from measurement constraints, while visual inspection
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remains vulnerable to human error [8]. In contrast, the use of
visible/near-infrared (Vis/NIR) spectroscopy as a non-
destructive method has shown rapid performance and strong
predictive accuracy in various fields [9-11], creating an
opportunity for its application in the maritime industry.
Vis/NIR-based detection enables the collection of chemical and
physical information related to coating condition and quality
indicators [12—14]. Nevertheless, its implementation faces
challenges such as noise, scattering effects, and spectral shifts
caused by environmental factors, sample characteristics, or
device operation [15]. To address these issues, spectral
transformation is required prior to modeling to improve
machine learning performance [16, 17].

Efforts to improve the predictive performance of machine
learning with Vis/NIR data have typically involved spectral
transformation and feature selection [18]. The Nippy module,
for example, enhances spectral data and has improved model
performance by up to 12-15% in previous studies [19, 20].
Feature selection using techniques such as Principal
Component Analysis (PCA) and Iterative Feature Selection
(IFS) can also reduce data dimensionality and retain relevant
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information [21, 22]. However, PCA and IFS are limited when
dealing with high-dimensional Vis/NIR data, particularly in
exploring complex feature spaces and achieving optimal
feature subsets.

To overcome these limitations, metaheuristic-based feature
selection methods such as Particle Swarm Optimization (PSO)
and Genetic Algorithms (GA) have been developed. These
approaches are capable of searching broader solution spaces
and identifying feature subsets that maximize model
performance and accuracy [23, 24]. Prior research has
demonstrated that combining spectral transformation with
feature selection can enhance single-model performance [25].
However, single models often remain sensitive to noise and
data imbalance. Ensemble methods, by integrating multiple
base learners, can further improve stability and generalization.
Studies on ensemble learning for classification tasks, such as
wheat quality detection, have shown higher accuracy than
single models [26]. By combining multiple algorithms,
ensemble approaches reduce bias, variance, and the risk of
overfitting [27, 28].

This study extends earlier work that applied spectral
transformation and traditional feature selection (PCA and IFS)
[25] by integrating spectral transformation with metaheuristic-
based feature selection (PSO and GA) and ensemble machine
learning. The proposed framework aims to overcome the
limitations of conventional approaches by capturing nonlinear
relationships more effectively and improving the robustness of
classification results. The contributions of this study are
threefold: (1) developing an integrated framework combining
spectral transformation, metaheuristic feature selection, and
ensemble learning for ship coating quality detection; (2)
demonstrating improved accuracy compared to PCA- and IFS-
based methods; and (3) highlighting the potential of portable
Vis/NIR spectroscopy enhanced with advanced machine
learning as a practical, reliable tool for maritime coating
inspection.

Il. MATERIALS AND METHOD

Fig. 1 explains the research stage, which begins with the
determination of the ground truth of the classification level of
ship coating quality, which is based on the guidelines of the
condition assessment program (CAP) from PT Biro Klasifikasi
Indonesia (BKI). We have grouped the level of coating quality
into four categories: (1) Very Good Condition (VG), (2) Good
Condition (G), (3) Class Condition (C), and (4) Poor Condition
(P) [25, 29]. We carried out the development of portable
VIS/NIR devices before the Vis/NIR data acquisition stage. We
then analyzed and preprocessed the spectral data from the
acquisition, utilizing the Nippy module for spectral
transformation and a metaheuristic approach for feature
selection. The next stage is the development of a ship coating
classification model using the ensemble method. We evaluate
the model using performance metrics to guarantee its accuracy.
In addition, we designed the workflow so that results can be
observed at intermediate stages (single model, feature selection
only, and full ensemble), allowing us to compare how accuracy
evolves across different steps of the pipeline.

A. SAMPLES

Samples were collected through spectral data in the field in
partnership with PT Dok dan Perkapalan Kodja Bahari
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Galangan Jakarta II. The samples used in the study were ships
and the type of coating that is usually operated, namely Roll-
on/Roll-off (RoRo) ships and ferries with coatings made of
polyurethane and epoxy. Experts, numbering up to 40,
determine the samples for each coating quality level (VG, G,
C, P). Experts have marked a total of 160 sample points for
Vis/NIR data collection using a developed portable device.

Determination of

. . - Model evaluation
coating classification

v t

Development of portable
VIS/NIR devices Model development
Spectrum data .
pectrum —»  Preprocessing
acquisition

Figure 1. Research stages.

B. PORTABLE VIS/NIR DEVICES

Fig. 2 displays the results of the developed portable Vis/NIR
device. The device consists of a Sparkfun AS7265x spectral
sensor with a spectral range of 410940 nm to assess the
chemical and physical properties of the ship's coating [30]. The
Raspberry Pi Zero W microcontroller integrates sensors via the
12C communication protocol [31]. This portable device draws
its power from a battery power bank. Python-based software
manages the sensor components, facilitates communication,
and automates the data acquisition process.

Data acquisition

Figure 2. Portable Vis/NIR devices and data acquisition.

C. DATA ACQUISITION

The data acquisition process on each sample was carried out
three times, and the average value of the measurement was used
for subsequent analysis. Data acquisition was carried out
paying attention to environmental conditions with temperatures
in the range of 25-30°C and humidity between 60-75%.
Lighting is also taken into account when acquiring data,
ensuring the sampling point operates under controlled lighting
conditions. During data acquisition, the portable Vis/NIR
device is placed perpendicular to the sample surface (see Fig.
2) with the aim of eliminating angular reflectance variations.
The conditioning of external factors and the operation of the
device is intended to avoid bias due to inconsistencies.

D. THE PROPOSED METHODS
Fig. 3 illustrates the proposed method. The proposed method
builds on the previous approach [25] by expanding the feature
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selection of metaheuristic approaches and machine learning
ensemble models. Spectral transformations using nippy
modules apply iterations to obtain the best combination of
methods, operators, and values against spectral data. Feature
selection uses population-based optimization algorithms,
namely PSO and GA. This algorithm allows the identification
of the most relevant wavelengths in high-dimensional data.
PSO is able to converge data quickly and efficiently in
computing, while GA is able to optimize global search so that
it is effective in finding the optimal subset of features.
Compared to conventional techniques such as PCA and IFS,
this approach provides greater flexibility in exploring complex
feature spaces, leading to more stable and accurate models
when applied to Vis/NIR data.

Support Vector Classifier (SVC), Random Forest (RF),
Multilayer Perceptron (MLP), Extreme Gradient Boosting
(XGB), and Linear Discriminant Analysis (LDA) are some of
the machine learning algorithms that are part of the ensemble
model framework. The stacking method, using logistic
regression (LR) as a meta-classifier and voting method, forms
the ensemble model [32]. The proposed method is evaluated
using accuracy metrics and K-fold cross-validation [33]. To
ensure transparency, we not only report the final ensemble
results but also present intermediate evaluations (single models
and feature selection outputs) to show the contribution of each
step in improving overall accuracy.

Spectrum dataset _
Evaluation model
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] : Stacking
.* ‘ v -* I Voting (LR) I
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Figure 3. Proposed methods.

1. SPECTRAL TRANSFORMATION

Spectral transformation is an effective step in spectral data
processing. The application of methods and operators in
spectral transformation is carried out by trial and error because
there is no standard guideline for achieving the best
performance [34, 35]. Nippy modules with the use of machine
learning have the ability to iteratively find the best methods and
operators. This study applies the transformation methods of
smoothing and derivative, baseline correction, normalization,
and scatter correction. The smoothing and derivative technique
effectively eliminates random noise and preserves key spectral
features [36], the baseline correction method combats light
scattering variation [37], the normalization method upholds
amplitude consistency [38], and the scatter correction method
reduces systematic shifts in the spectral baseline [39]. Table 1
shows the methods, operations, parameters, and values of
spectral transformation used in this study.
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Table 1. Methods, operations, parameters, and values of
spectral transformation

Method Operator Parameter | Values
. filter win 57,11
Smoothing and SAVGOL poly order | 3

Derivative :
deriv order | 1,2

Baseline Correction| BASELINE

Normalization NORML
SNV

Scatter Correction | RNV iqr 75-25,90-10
MSC

2. FEATURE SELECTION

In several studies related to spectral Vis/NIR data, feature
selection is a fairly important stage, it is proven that the
application of PCA and IFS is able to improve model
performance [25]. The selection of features with the
metaheuristic approach used in this study is PSO and GA.
These two population-based optimization methods have quite
good abilities in exploring complex search spaces on spectral
features. The concept of the PSO algorithm mimics the
collective behavior of animals such as birds or fish. Potential
solutions in a subset of spectral features are represented by each
particle in the swarm, and the quality of these solutions is
assessed using objective functions such as model accuracy
[40]. The particle uses the best position of the individual (pbest)
and global (gbest) of the swarm to adjust its position during
repeated iterations. This iterative mechanism allows PSOs to
coalesce quickly towards the best solution, which makes them
more computationally efficient than other evolutionary
approaches.

In contrast, GA mimics the natural selection process, in
which populations and individuals constitute a randomly
generated subset of characteristics. Genetic operations such as
crossing, mutation, and selection drive evolution. These
operations repeatedly refine the population, guaranteeing that
the characteristic group that has the highest level of
performance remains until the next generation [41]. Although
GA is larger in terms of computing needs than PSO, the ability
to explore the global search space is quite effective in finding
the best combination of features.

The comparative advantages of PSO and GA have been
emphasized in several studies. Faster convergence capabilities
and lower computational costs, PSO is usually preferred [42,
43]. However, despite requiring higher compute costs, GA has
shown outstanding performance on high-complexity data [44,
45]. The focus of this research is on two main criteria: the
accuracy of the generated prediction model and the stability of
the selected features across different paths. This comparative
design allows us to clearly observe which algorithm contributes
most to performance gains at both intermediate and final
ensemble stages.

3. MODELLING

This study employs an ensemble model for machine learning.
The ensemble approach is able to reduce bias and variance and
improve model generalization. Voting and stacking techniques
form the ensemble model. The voting approach combines
individual model predictions with majority votes, while
stacking uses RL as a meta-classifier to combine the
predictions of the base model. The integration of this model
reduces bias and variance while increasing model
generalization.
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This study will compare the ensemble and single models,
namely the SVC, RF, MLP, XGB, and LDA algorithms. The
SVC algorithm is able to optimally separate classes, with kernel
tricks capable of mapping input data to higher dimensional
spaces. The RF algorithm is chosen because of its robustness in
capturing non-linear interactions between features and its
ability to reduce overfitting. MLP is capable of modeling
complex non-linear relationships in data using a flexible neural
network architecture. XGB can minimize errors through
iterations. LDA 1is able to reduce dimensions and maximize
class separation in data sets. By comparing these single
algorithms against ensemble strategies, we can provide step-
by-step evidence of how ensemble integration yields higher and
more consistent performance.

4. MODEL EVALUATION

Model evaluation is carried out to measure performance and
reliability. The evaluation was carried out using the K-fold
cross-validation technique with a value of K =5 to ensure that
the model has good generalization ability and is not very
consistent with the training data. The cross-validation
technique is able to make the model performance more accurate
and stable because it uses all data as training and test data [46].
Accuracy metrics, which calculate the percentage of correct
predictions against the entire test data, evaluate model
performance comparisons. Cross-validation with K-fold
ensures that the model's performance evaluation is free of bias.
In addition to final accuracy, we also tracked performance
metrics during feature selection and intermediate ensemble
stages, providing a more detailed picture of model
development.

lll. RESULTS

The number of samples marked was initially 40 per coating
quality level but due to an error in the spectral reading of the
device, the number of spectral data acquired used in data
processing was 148. The data is divided into four coating
quality levels: 40 (VG), 33 (G), 37 (C), and 38 (P). The results
of the visualization of spectral data before preprocessing can be
seen in Fig. 4.

bt \ /” ‘ \ A ﬂ,//" N

Figure 4. Spectral data acquisition results.

The results of data processing by applying spectral
transform (Nippy), feature selection (PSO and GA), and a
combination of both on single and ensemble models can be
seen in Table 2. To provide transparency, we report the
performance at each stage (no treatment, Nippy only, PSO
only, GA only, and combined approaches), both for single
classifiers and ensemble methods. This allows us to examine
how accuracy evolves step by step before reaching the final
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Table 2. Comparison of modeling results accuracy

Methods | SVC | RF | LDA | MLP | XGB Ensemble_ |
Stacking Votmé
None 9729 | 9729 | 97.98 | 96.62 | 9729 | 97.98 | 97.29
Nippy 9455 | 93.24 | 97.33 | 92.51 | 94.55 | 98 96.62
PSO 91.10 | 91.79 | 83.66 | 91.13 | 84.44 | 8575 | 86.41
GA 98.67 | 97.95 | 97.98 | 98.64 | 98.64 | 98.64 | 98.64
Nippy-PSO | 99.31 | 98.64 | 99.33 | 97.98 | 98.67 | 97.31 | 97.31
Nippy-GA | 98.67 | 98.64 | 94.55 | 9731 | 9455 | 9731 | 95.93

In the non-treatment scenario on a single model, the LDA
algorithm achieves the highest accuracy of 97.98%,
outperforming other algorithms, namely SVC, RF, and XGB,
by 97.29%, and the MLP algorithm has a slightly lower
accuracy of 96.62%. The ensemble model approach with
stacking showed the same performance as LDA (97.98%) and
with 97.29% voting. This indicates that even without
preprocessing, the ensemble maintains stability comparable to
the strongest single classifier.

The spectral transformation effect on a single model does
not provide an increase in accuracy compared to no spectral
treatment; the LDA algorithm still has the highest accuracy
compared to other algorithms, with an accuracy of 97.33%. In
the ensemble model with stacking, spectral transformation
increases accuracy by 0.02% compared to no treatment's
accuracy of 98%. This modest improvement suggests that
transformation alone is insufficient, but it prepares the data for
subsequent optimization.

The implementation of feature selection using GA yields
superior performance. In both single and ensemble models, GA
successfully enhances the accuracy of all algorithms when
compared to no treatment or spectral transformation. The
highest accuracy of the effect of applying GA to the SVC
algorithm was 98.64%, and the ensemble model with voting
and stacking had the same accuracy. These results confirm that
GA consistently strengthens model performance across
classifiers, demonstrating its robustness for complex Vis/NIR
data.

The effect of feature selection using PSO shows poor
performance, which proves that the ensemble and single
models do not provide better accuracy than models without
treatment (none). In the single model, the highest accuracy in
the RF algorithm is 91.79%, and the ensemble model with
voting has an accuracy of 86.41%. This suggests that PSO,
although computationally efficient, may converge prematurely
in this dataset, leading to weaker subsets of features.

The combination of spectral transform and feature selection
yields the best results. Applying spectral transform and feature
selection with PSO yields the best results. The Nippy-PSO
combination is able to improve performance on all single and
ensemble models. In a single model, the LDA algorithm has the
highest accuracy of 99.33%, and the SCV algorithm has the
highest accuracy increase of 2.02%. This demonstrates the
synergy  between  preprocessing and  metaheuristic
optimization, especially when paired with classifiers sensitive
to feature quality such as LDA and SVC. The effect of Nippy-
PSO on the ensemble model, although it improves accuracy, is
not as large as in the case of a single model.

In contrast, the Nippy-GA combination is able to improve
accuracy performance compared to no treatment (None) only
on SVC and RF algorithms with the highest accuracy of
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98.67% on a single model. The accuracy in the ensemble model
does not outperform that of the single model without treatment
(None). Therefore, while the feature selection effect of Nippy-
GA is quite effective for a single model, it is less effective in
the ensemble model. Overall, the results highlight that different
combinations bring different strengths: GA ensures broad
stability, while PSO coupled with Nippy provides the highest
peak accuracy. Presenting these intermediate outcomes gives a
clearer picture of how each step contributes to the final
performance.

IV. DISCUSSION

This study presents the findings from testing Vis/NIR data for
ship coating quality detection, demonstrating how spectral
transformation and feature selection can enhance the accuracy
of the model when compared to no spectral treatment, both in
single and ensemble model approaches. Fig. 5 illustrates that
the performance of GA, Nippy-PSO, and Nippy-GA
deployments is superior across all models. In a single model,
the SCV algorithm has the highest accuracy of 98.67% when
integrated with GA and Nippy-GA; the RF algorithm has the
highest performance of 98.64% with Nippy-GA and Nippy-
PSO; the LDA algorithm achieves its peak accuracy of 99.33%
using the Nippy-PSO approach; the MLP algorithm achieves
the highest accuracy of 98.64% with GA; and the XGB
algorithm has the highest accuracy of 98.67% with Nippy-GA.
The ensemble model has the highest accuracy of 98.64% with
GA feature selection. These results confirm that both
metaheuristic feature selection and preprocessing contribute
significantly to performance improvement compared to
untreated data.

The method designed in this study has proven its superior
performance in both ensemble and single models compared to
previous studies that integrate spectral transformation and PCA
and IFS feature selection with the highest accuracy of only
97.33% [25]. This highlights the added value of metaheuristic-
based feature selection, which is better suited for high-
dimensional and nonlinear spectral data compared to linear
reduction methods like PCA or stepwise -elimination

approaches such as IFS.
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Figure 5. Comparison chart of modeling results accuracy.

The application of GA to Vis/NIR data has the advantage
of accuracy in single models, namely SVC and MLP, as well
as ensemble models, due to its ability in the selection of
relevant features supported by strengths in the evolutionary
base, both crossover and mutation, able to explore the solution
space. This aligns with previous findings where GA was
reported to be particularly effective in handling complex search
spaces in spectroscopy-based studies [41, 44].
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The application of Nippy and PSO also has the advantage
of a single model on RF, LDA, and XGB algorithms, and even
LDA has the highest accuracy compared to all algorithms with
an accuracy of 99.33%. This indicates that swarm-based
optimization benefits more from preprocessed data, where
noise and scattering have already been minimized. Without
transformation, PSO tends to converge prematurely, which
explains its weaker performance in raw spectra. PSO is able to
select more significant features from the data that has been
transformed by Nippy with the power of PSO working with the
principle of swarm intelligence based on sharing particle
information in the solution space.

This is supported by the results of the standard deviation
analysis (see Table 3), the implementation of GA feature
selection and the integration of Nippy and PSO consistently
show low standard deviations, namely 0.31 and 0.79. Lower
deviation values indicate higher stability across folds,
suggesting that the improvements are not only marginal but
also robust and generalizable.

Table 3. Comparison of standard deviation methods

Methods None | Nippy | PSO GA Nippy- | Nippy-

PSO GA
Standard 0.44 1.94 322 | 031 0.79 1.61
Deviation

From a practical standpoint, the proposed integration
framework offers several advantages for the maritime industry.
First, it allows coating quality to be assessed rapidly and non-
destructively in the field, reducing reliance on subjective
human inspection. Second, the combination of Vis/NIR
spectroscopy with advanced feature selection ensures that
micro-level coating degradation can be detected earlier,
potentially lowering maintenance costs and extending ship
service life. Finally, by demonstrating higher stability and
accuracy compared to conventional approaches, the framework
provides confidence for adoption in routine classification and
certification processes, as recommended by IMO and BKI.

V. CONCLUSIONS

This research succeeded in developing a method for detecting
the quality of ship coatings using portable Vis/NIR
spectroscopy by integrating spectral transformation, feature
selection, and ensemble models. The proposed framework
demonstrates that combining preprocessing (Nippy),
metaheuristic feature selection, and ensemble learning provides
higher accuracy and stability compared to conventional
approaches such as PCA and IFS. Among the feature selection
methods, GA shows superior performance with the highest
accuracy on single models with SVC and MLP algorithms as
well as ensemble models. Although PSO alone produced
weaker results, its integration with Nippy yielded significant
improvements, with the Nippy-PSO-LDA combination
achieving the overall best performance (99.33%). This
confirms that preprocessing and metaheuristic-based feature
selection complement each other in handling high-dimensional
spectral data.

The integration of these methods reduces bias, variance,
and subjectivity compared to traditional coating inspection
practices, making the detection process more accurate, reliable,
and suitable for field implementation. The proposed approach
therefore offers both methodological innovation and practical
relevance for coating quality assessment in the maritime
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industry. Future research can explore hybrid metaheuristic
strategies, deeper neural architectures, or real-time deployment
on embedded systems to further enhance performance and
computational efficiency. The findings of this study also open
opportunities for broader applications of Vis/NIR
spectroscopy, not only for ship coatings but also for other
maritime materials that require non-destructive quality
assessment.
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