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ARTICLE INFO ABSTRACT
Keywords: The research represents a robust methodology for identifying aircraft surface damage using
Spectral analysis hyperspectral imaging combined with ensemble machine learning. Surface degradation in

Aircraft damage detection
Hyperspectral imaging
Feature extraction
Non-destructive testing
Damage Type Identification

aircraft, such as corrosion, burn marks, lightning strikes, weld defects, and paint peeling, is often
difficult to detect using conventional inspection techniques. By leveraging high-resolution spec-
tral data and domain-specific feature engineering, the proposed method enables accurate clas-
sification of ten different damage types using a structured machine-learning framework.

Ensemble Learning Hyperspectral intensity data were collected from over 500 real and lab-induced samples using
the Goldeneye hyperspectral camera, followed by the extraction of handcrafted features across
spectral, statistical, and frequency domains. A soft voting ensemble of Random Forest (RF),
Extreme Gradient Boost (XGBoost), and Support Vector Machine (SVM) models achieves a peak
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classification accuracy of 92.6 % with high accuracy across damage classes. This method supports
real-time, non-contact, and scalable aircraft inspection workflows and demonstrates strong po-
tential for integration with drone-based or robotic inspection systems in aerospace maintenance.
Key contributions of this methodology:
o A hyperspectral imaging-based pipeline for identifying different aircraft surface damage types
e A robust ensemble model combining RF, XGBoost, and SVM for high-accuracy classification
e Designed for integration into real-world, automated aircraft inspection systems
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Background

An aircraft experiences a variety of surface damages during its service life, many of which are not easily detected by traditional
inspection methods commonly used in the industry [1-2]. These damages include lightning strikes, rust corrosion, salt corrosion, weld
imperfections, and paint peeling. Since such deterioration can compromise structural integrity and flight safety, its early and accurate
detection during maintenance operations is essential. Traditional approaches such as visual inspection [3] or established
Non-Destructive Evaluation (NDE) techniques [4-8] are often time-consuming, subjective, and may miss early-stage defects.

Hyperspectral Imaging (HSI) provides a promising alternative by capturing spectral data beyond the visible range, enabling
detection of subtle material variations [9-11]. While this study applies HSI to aircraft surface damage, similar success has been
documented across several domains where NDE is critical. In the energy sector, HSI has been used to detect cracks, erosion, and
delamination in wind turbine blades; in aerospace, to monitor fatigue, oxidation, and foreign object damage in gas turbine blades; and
in agriculture, to detect leaf and seed damage caused by mites [12-15]. Beyond industry, HSI has been adopted in art conservation,
distinguishing pigments and restoration layers. These diverse applications highlight the versatility of HSI for inspection, structural
integrity assessment, and quality control.

Each damage type exhibits a unique Hyperspectral Signature (HS), which forms the basis for classification. In this research, a
GoldenEye hyperspectral camera was used to collect high-dimensional spectral data from aircraft damage samples under controlled
laboratory settings. To emulate real-world conditions, the samples were imaged under varied lighting, angles, and distances. The
GoldenEye system captures spectral intensity values from 399 to 1100 nm with 141 spectral bands per pixel.

The study aims to establish a systematic process linking specific HS to damage classes. Spectra from known samples were collected
and pre-processed using GoldenEye’s proprietary software. From these, 23 features were extracted to support pattern recognition.
These features include statistical measures (mean, standard deviation), derivative features, peak statistics, and frequency-domain
attributes derived using Fast Fourier Transform (FFT). The extracted features were then used to train three machine learning
models: SVM, RF, and XGBoost.

To further enhance classification robustness and accuracy, a voting ensemble approach was employed, combining the predictions
of all three models [16-17]. Ensemble-based methods have proven effective across domains such as composite structure health
monitoring [18] and earthquake-induced bridge damage detection [19], underscoring their adaptability and reliability in addressing
diverse challenges. The trained model was subsequently evaluated using spectra from unknown damage samples to assess general-
ization performance.

The primary motivation of this work is to minimize inspection time while improving accuracy and reliability in damage detection
through HSI. By offering objective, data-driven insights, the proposed approach can assist maintenance crews in prioritizing repairs
more effectively. Furthermore, the framework demonstrates scalability and can be adapted to other domains where surface monitoring
plays a critical role.

Method details

For the present research, six major types with four subcategories of aircraft surface damage were targeted: Burnt case, lightning
strike, rust corrosion, salt-induced corrosion, weld damage, and paint peeling. A baseline, undamaged surface was used for reference.
The purpose of selecting these damages is their probabilities of occurrence during the aircraft lifecycle and the challenge they pose in
early-stage detection through conventional inspection methods. The specimens were selected so that they correspond as closely as
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possible to the real-world damages. The samples mainly consisted of lab-induced specimens and naturally damaged components for
aged aircraft parts, as shown in Fig. 1.

Imaging was conducted under controlled lighting conditions using a full-spectrum directional light source. Both the camera and the
light source were varied in position and angle to replicate realistic inspection variability. The data was acquired and extracted using
the camera’s proprietary software, with careful exposure calibration to prevent sensor saturation. The Regions of Interest (ROIs)
corresponding to visible damage were manually selected, and the extracted spectral signatures were exported as CSV files. These
spectra then formed the foundation for a multi-stage ensemble machine learning framework designed to classify the different damage
types. The machine learning process included preprocessing (smoothing, baseline correction), feature extraction (statistical, spectral,
frequency, and derivative-based), and feature selection using Random Forest. The data imbalance was addressed using SMOTE, and
the model training was carried out using an Ensemble model, which consists of using a combination of Random Forest, XGBoost, and
SVM methods for increasing the robustness and accuracy of the model.

Data collection

Hyperspectral intensity data were collected from 530 samples using a calibrated GoldenEye hyperspectral camera system. The
system captured intensities that cover the visible to Near-Infrared (NIR) spectrum. These measurements provide high-resolution
spectral fingerprints necessary for identifying and distinguishing between various types of surface damage. The dataset includes
samples from six primary damage categories - burn marks, rust, salt corrosion, weld defects, peeling paint, and lightning strike - as well
as a clean reference surface.

Each specimen was imaged under controlled lighting using a full-spectrum directional light source, ensuring consistent illumi-
nation across all captures, as shown in Fig. 2. The camera was mounted on a precision tripod, and image acquisition was conducted
from multiple distances and angles to simulate field variability. The lighting angle was also varied by +5° to capture spectral shifts
under different incident conditions. Hyperspectral images were acquired using GoldenEye’s proprietary software. The software
exported CSV files that contain wavelength-intensity pairs for each ROL These files formed the raw input for the machine learning
pipeline.

Data preprocessing

The dataset comprises hyperspectral reflectance measurements from 530 aircraft surface samples. Each sample is annotated with
one of ten damage types. A Spectra (e.g., Burnt_point_23) and numerical class label (0-9) accompany the 141 spectral features. Fig. 3
summarizes the class distribution, highlighting the imbalance. To ensure robust model performance and reliable classification out-
comes, the hyperspectral dataset undergoes meticulous preprocessing to eliminate noise, handle inconsistencies, and align with
machine learning requirements.

The process began with data cleaning, where non-numeric and irrelevant columns, such as extraneous metadata, were removed to
retain only spectral intensities and class labels, resulting in a compact and interpretable dataset. Missing values in the spectral data
were handled in multiple steps. Initially, linear interpolation was applied to fill small gaps by estimating values from neighboring
bands; where necessary, average values were used to complete the data, thereby preserving the overall shape of the spectra. To reduce
noise, a Savitzky-Golay filter was applied to smooth local fluctuations without losing important spectral details. Smoothing was
performed using a window size of 11 points and a third-degree polynomial fit. To confirm the robustness of this choice, a sensitivity
analysis was conducted with varying window sizes (7-15) and polynomial orders (2-4). The macro-F1 score varied by <1.5 % across
these settings, demonstrating that the filtering approach is stable. Missing bands were handled via linear interpolation between nearest
valid neighbors, which preserved continuity of spectral signatures without extrapolating beyond measured ranges. Finally, before
applying machine learning models such as SVM and XGBoost, all features were standardized to have zero mean and unit variance,
ensuring that no single feature dominated due to its scale. This was done by adjusting each feature so that it has an average of zero and
the same amount of variation. This ensures that one feature does not influence the model too much due to bigger numbers.

In the spectral data, some categories, such as Burnt Case, as a higher number of sample numbers compared to others, such as
corrosion beginning case. This uneven number of samples can reduce the overall accuracy of the machine learning model. To fix this
issue, a method called as Synthetic Minority Over-sampling technique (SMOTE). SMOTE creates new, made-up examples for the
underrepresented groups so that all groups have a similar number of records. Instead of simply copying existing samples, SMOTE
makes new, slightly different samples by mixing together real samples from the smaller group. It picks one sample and then finds its
closest neighbors in the data. It creates new samples that fall in between these points. This helps balance out the groups, making sure
the model learns about all the categories fairly rather than being biased towards the ones with more samples. Fig. 4 indicates the data
distribution after the SMOTE analysis dataset. We also tested Adaptive Synthetic Sampling (ADASYN) and Borderline-SMOTE. All
resampling procedures were applied only within the training folds of cross-validation to prevent any data leakage. Among the eval-
uated strategies, SMOTE achieved the most stable macro-F1 performance across classes. ADASYN led to unstable outputs in this
dataset, while Borderline-SMOTE improved minority recall but reduced overall precision. To avoid potential artifacts, SMOTE was
selected for further experiments, with resampling restricted to training folds only.

Finally, the preprocessed dataset is divided into training and testing subsets using an 80:20 stratified split, preserving class pro-
portions to ensure consistent evaluation of classification performance. This comprehensive preprocessing pipeline produces a clean,
normalized, and balanced dataset optimized for downstream feature engineering and modeling.
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Mathematical model for feature selection

Given the medium-scale nature of the dataset, a handcrafted feature engineering approach was adopted to extract interpretable and
discriminative features, avoiding the data-hungry requirements of deep learning methods. The feature extraction process was designed
to capture a comprehensive set of physical, statistical, and frequency-domain attributes from each spectral profile, resulting in a 23-
dimensional feature vector per sample. These features have been identified by analyzing and understanding the nature of the average
pattern of each class, as shown in Fig. 5. Based on the nature of the patterns, five different categories of the features have been
identified; these are structural pattern, overall shape pattern, repeating pattern, brightness pattern, and change pattern. Based on these
five types of patterns, 23 different feature categories were computed as represented in Fig. 6.

Peak-Based Features: Peaks were identified with a prominence threshold of 10 to ensure detection of significant spectral features.
Extracted features included the number of peaks, maximum and mean peak height, maximum and mean peak width, maximum and
mean peak prominence, and the wavelength position of the highest peak. These features captured the presence and intensity of ab-
sorption or emission bands associated with specific damage types.

Let Pi = {pi, 1,pi, 2, ...,pi, ki} be the set of peak indices for sample i, where ki is the number of peaks, and Ap, i, k is the wavelength at
peak k. The properties (height, width, prominence) are provided by find peaks. The number of peaks (Njus,) is computed by Eq. (1).
Maximum peak Height (Hpax,) is computed by Eq. (2). Mean Peak Height (Hpean,) is calculated by Eq. (3). Mean Peak Width, Wiean,i,
Mean Peak Prominence (Pyeani), Wavelength Position of the Highest Peak, (Amax,) are computed by Egs. (4), 5, and 6, respectively.

Npears, = ki @

where Ki is the count of peaks detected in a spectral profile, Si(4)

where Si(4pi, k) is the intensity at peak k.

1 Ki .o .
Hpean, = E Zk:lsl(lpl’ k) (3)
1 ki .
Wmean,i = ﬁ k=1 (Wl, k) (4)

(if Ki=0 set to 0).
1 ki .
Pmean,i = EZk:lproml’ k (5)

(if Ki=0, set to 0).
Amax, = AP,k +  where kx = arg[Si(Api, k)] (6)

Statistical Features: To characterize the overall shape and distribution of each spectrum, statistical measures were computed.
These included the mean, standard deviation, skewness, and kurtosis of the spectral intensities, providing insights into the central
tendency, variability, asymmetry, and peakedness of the spectral profiles. Mean (ui), Standard Deviation (i), Skewness, a measure of

Average Spectra by Class

1000

800

© OO VS WNRE O

@
S
=3

Intensity

400

200

400 500 600 700 800 900 1000 1100
Wavelength (nm)

Fig. 5. Average pattern representation of each class.



Fig. 6. Summary of features-based pattern types for spectral analysis.
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asymmetry (skewi), Kurtosis, a measure of peakedness, excess kurtosis (kurti) are computed by Egs. (7), 8, 9, and 10. In Eq. (10), the
subtraction of 3 adjusts for excess kurtosis relative to a normal distribution.
Features are computed over the entire spectral profile Si(A), where L is the number of wavelength points.

ui = %Ei (Si(2)) )

oi = %;((Si(i) — ui)%) (8

skewi — 12 (812) — pi)? i ©
(iZA(Si(A) - ﬂi)2> Q

i 18I —pi)* (10)

<%Z/1(Si()“) - ﬂi)2>

Fast Fourier Transform (FFT) Features: The FFT function was applied to transform each spectrum into the frequency domain,
capturing periodic patterns in the spectral signal. Extracted features included the dominant frequency, maximum amplitude, and mean
amplitude of the FFT components, which were particularly useful for identifying repetitive spectral structures associated with certain
damage types. Dominant Frequency (fdom,), Maximum Amplitude (Amax,), and Mean Amplitude (Amean,) are computed using Eqs.
(11), 12, and 13, respectively.

The FFT transforms Si(A) into the frequency domain. Let Fi(f) be the FFT magnitude, where f represents frequency components, and
only the first half of the FFT (positive frequencies) is considered due to symmetry.

fiaom . = argm}lx\Fii(f)| 11)

Fi is the magnitude of the FFT at frequency f.

Anex | = mfax|Fi(f)\ a2
1—f=1,_.
Anean . =225 0 F(D) (13

where M = L/2 is the number of frequency components in the positive half.

Wavelength Sub-Range Features: To capture localized spectral variations, the wavelength range was divided into three sub-
bands: 400-600 nm (visible), 600-800 nm (visible to near-infrared transition), and 800-1000 nm (near-infrared). This was done to
link localized spectral variations to known material and chemical characteristics relevant to surface degradation on aircraft compo-
nents. These sub-bands were chosen based on established hyperspectral literature in corrosion detection, remote sensing, and pigment
analysis, where materials like rust, paint, and thermally altered surfaces exhibit distinguishable spectral features in specific regions
[14]. The mean and standard deviation of intensities were calculated for each sub-band, providing region-specific descriptors that
highlighted differences in reflectance properties across damage types. By computing mean and standard deviation within these bands,
we capture coarse-level but meaningful indicators of degradation. For example, rusted regions show increased reflectance variability
in the 400-600 nm band due to surface roughness and pigmentation loss. This domain-informed sub-band partitioning, as shown in
Table 1, ensures that the extracted statistical features are not arbitrarily defined, but rather linked to real physical and chemical
transitions occurring on the aircraft surface. It also improves the interpretability of machine learning predictions, as feature impor-
tance scores can be traced back to sub-bands that reflect specific material behaviors.

Mathematically these feature are represented as follows. Let Aj, be the subset of wavelengths in sub-band j (where j = 1,2,3) for
sample i, and Si(A) the corresponding intensities. Mean Intensity in 400-600 nm ©400—600, i: Standard Deviation in 400-600 nm
(6400—-600,i), Mean Intensity in 600-800 nm (u600—800, i), Standard Deviation in 600-800 nm (6600—800, i), Mean Intensity in
800-1000 nm (1#800—1000, i), Standard Deviation in 800-1000 nm (¢800—1000,i) are computed by Egs. (14),15,16,17,18 and 19

Table 1

Domain informed sub-band partitioning.
Sub-Band (nm) Spectral Region Relevant Aircraft Material/Damage Signatures
400-600 nm Visible (VIS) Paint color, charring effects, Fez0s (iron oxide) pigments (rust), peeling paint
600-800 nm VIS-NIR transition Oxide layer changes, mild corrosion, organic binders, oxidized aluminum
800-1000 nm NIR Surface roughness, moisture, and carbonized material from burnt or lightning strike
1000-1100 nm NIR tail Low-reflectance metallic absorption, surface chemistry shifts
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respectively. If a sub-band has no data, set the mean and standard deviation to 0.

4400 — 600, = ﬁzm &Sk() 14)
6400 — 600, = \/V\i,iZﬂeAnS (Si(4) — u400 — 600, i) (15)
1600 — 800, = ﬁzmlssn () 16)
6600 — 800, = \/M%ZMLS(&'(A) — 1600 — 800,1)* a7
4800 — 1000, = m:lTHZzem-sSi‘(’l) 18)
6800 — 1000, = \/A;JZAGA“ (2i(2) — 800 — 1000, i)* 19)

Derivative-Based Features: The first derivative of each spectrum was computed to emphasize abrupt changes in intensity, which
are indicative of damage boundaries or material transitions. Features extracted from the derivative included the mean, standard
deviation, maximum, and minimum values, enhancing the model’s sensitivity to subtle spectral shifts. Mean of Derivative (Dmean i),
Standard Deviation of Derivative (Dyq ), Maximum of Derivative (Dmax,i), and Minimum of Derivative (D, ;) are computed using Eqs.
(20), 21, 22, and 23. This feature engineering strategy resulted in a robust and interpretable representation of the spectral data,
capturing both global and local characteristics relevant to damage classification.

The first derivative Di(1) is computed as the numerical gradient of Si(4) with respect to A.

1 .
Dmean i EZADI(A) (20)
where Di(1) = 0361'/(1/1) ~ Si(/l+AAA‘/)1—Si(/1)
1 . 2
Dy = EZA(DI(}“) — Dmean, 1) 21)
Dmax,i = Dl(ﬂ) (22)
Dinin, = Di(4) (23)

Conceptual design

The current method is based on the idea that combining detailed spectral analysis with an ensemble machine learning model can
improve the accuracy of classifying surface damage on aircraft using hyperspectral images. Hyperspectral data is useful because it
captures fine differences in material properties, but it can also be very noisy, very high in dimensionality, and hard to interpret. These
challenges are especially important when trying to classify different types of damage, such as burning, corrosion, or lightning strike,
which often look similar in regular images. To handle these challenges, a structured framework was developed that uses both custom
feature engineering and multiple machine learning models that work together. The main goal was to build a system that is not only
accurate but also reliable and easy to interpret. This is especially important in aviation, as even small errors in damage detection can
have serious consequences.

The method begins by processing the raw hyperspectral data (between wavelengths from 399.85 to 1100 nm) to remove noise and
normalize the values across the 141 bands. Feature extraction is then carried out to capture the key patterns in the data — such as peaks
in intensity, statistical trends, and frequency-domain characteristics. These features are tailored to reflect material properties, like
oxidation or carbonization, which are known signs of corrosion or burn damage. For example, variations observed in the 600-800 nm
wavelength range are especially useful for detecting early signs of electrochemical degradation.

To reduce the number of features and avoid overfitting, a method consisting of feature selection using RF importance scores is
applied. Thresholds in the range of 0.01-0.05 were tested to determine a cutoff for feature selection. An elbow analysis indicated that a
threshold of 0.02 provided the best compromise between retaining informative features and reducing redundancy. This ensures only
the features that show the most difference between damage types are considered, while making the model more efficient to run. The
selected features include the number of peaks, mean peak height, maximum peak height, mean peak width, mean peak prominence,
mean peak position, mean intensity, skewness, kurtosis, dominant frequency, maximum amplitude, and mean amplitude. In addition,
mean and standard deviation values were extracted from the spectral sub-bands 400-600 nm, 600-800 nm, and 800-1000 nm, along
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with derivative-based statistics such as mean, standard deviation, and minimum.

The classification step uses an ensemble of three machine learning models: RF, XGBoost, and SVM. Each model is trained inde-
pendently on the same set of extracted features. These models were chosen for their different strengths: RF is good for reducing noise
and for understanding which features matter most; XGBoost works well with complex, non-linear patterns; and SVM helps separate
damage types in high-dimensional datasets. The outputs from these models are then combined using a soft-voting ensemble method,
where each model gives a probability for each damage class. The final prediction is a weighted combination of these probabilities, with
weights based on each model’s validation accuracy. This strategy improves consistency, reduces overfitting, and boosts performance
on difficult damage types such as lightning strikes.

The whole system was designed to be modular and easy to understand, so that it can be used in practical aircraft inspection tasks
and other forms of non-destructive testing. It also generalizes well, performing reliably under different inspection conditions. Fig. 7
shows the model architecture that was used for spectral analysis and machine learning. The method deals effectively with the chal-
lenges of hyperspectral data and meets the strict reliability standards needed in aviation safety procedures. It is built to detect many
types of surface damage in aircraft materials with high confidence, and it can be extended in the future as new types of damage or
sensor technologies emerge.

Random forest model

Random Forest is a group-based learning method where several decision trees are built during training. Each tree is trained on a
different random sample of the data, and at each step, it considers only a random set of features, which helps reduce similarity between
trees and improves the model’s ability to generalize. The final prediction is determined by majority voting across all trees, providing a
robust and interpretable output. The architecture is shown in Fig. 8.

RF is particularly suitable for hyperspectral damage classification due to its resistance to overfitting, especially in noisy datasets,
and its minimal assumptions about data distributions. Its ability to handle high-dimensional inputs efficiently—by considering only a
subset of features at each split—makes it ideal for the 23-dimensional feature set, where features like peak prominence and sub-band
variance vary significantly across damage types.

RF was used not only as a classifier, but also to identify which features contributed the most to the model’s decision. These feature
importance scores were based on how much each feature helped reduce the classification error during tree splits. A cutoff value of 0.02
was chosen to keep the features that were most helpful for distinguishing between different spectral patterns. This value was selected
based on initial tests that showed a good trade-off between including useful features and avoiding unnecessary ones. A lower threshold
(0.01) led to including too many irrelevant features, and a higher threshold (0.05) led to the removal of important signals, reducing
overall model performance.

To improve the RF models’ accuracy, key hyperparameters such as the number of trees, depth of each tree, and the smallest number
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of samples allowed in a node split were fine-tuned using GridSearchCV with cross-validation on the training data. RF was especially
valuable in highlighting key spectral features linked to specific damage types, making it a key part of the ensemble modelling
approach.

Extreme gradient boosting model

In the current research, we used XGBoost, a machine learning method that builds a series of decision trees, where each new tree
improves on the mistakes of the previous ones. This step-by-step process helps the model learn better patterns in the data. One of the
strengths of XGBoost is that it includes a mechanism to reduce overfitting, which makes it well-suited for working with structured data
such as hyperspectral features. It is also efficient in terms of computation, which is important when dealing with large datasets.
XGBoost’s learning strategy makes it particularly useful for picking up subtle hyperspectral differences such as those seen between
burnt and heavily burnt metal surfaces, where slight changes in intensity play a key role.

Hyperparameters, including learning rate (0.01-0.3), number of estimators (100-300), and maximum depth (3-10), were tuned
using GridSearchCV to optimize test accuracy. XGBoost’s ability to prioritize predictive power and handle multi-class tasks makes it a
vital component of the ensemble, complementing RF’s interpretability with enhanced modeling of intricate spectral relationships.
Fig. 9 shows the architecture of the XGBoost model.

Support vector machine model

SVM is a discriminative classifier that seeks the optimal hyperplane to maximize the margin between classes in feature space. For
the multi-class hyperspectral dataset, a one-vs-one strategy is employed, constructing binary classifiers for each pair of the ten damage
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Fig. 9. Architecture of XGBoost.
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types. This study uses a radial basis function (RBF) kernel to map features into a higher-dimensional space. SVM is particularly
effective for high-dimensional datasets with a moderate number of samples, as it captures complex decision boundaries, such as those
separating spectrally similar classes like Rust Point and Corrosion. The penalty term (C) (0.1-10) balances margin maximization with
misclassification tolerance, while y(0.001-1) was optimized via cross-validation to ensure precise boundary delineation. Fig. 10 in-
dicates the architecture of SVM.

SVM’s robustness to imbalanced data, when combined with SMOTE, enhances its performance on minority classes like Lightning
Strike. Although SVM lacks native probabilistic outputs, its integration into the soft-voting ensemble allows it to contribute confidence-
weighted predictions, leveraging its strength in delineating subtle spectral variations. SVM’s inclusion in the ensemble ensures
sensitivity to boundary cases, complementing the tree-based approaches of RF and XGBoost. Table 2 indicates the summary of the
model parameters implemented.

Proposed system

The final system employs a soft-voting ensemble model to classify ten aircraft surface damage types from hyperspectral reflectance
data, integrating predictions from three supervised classifiers: RF, XGBoost, and SVM. The soft-voting ensemble aggregates probability
outputs from each classifier, weighted by their respective test accuracies, to produce a robust and interpretable damage class pre-
diction with associated confidence scores. The class with the highest score is selected as the final prediction. This mechanism leverages
RF’s robustness to noise, XGBoost’s ability to capture complex non-linear interactions, and SVM’s precise boundary delineation to
achieve final accuracy.

The ensemble approach was chosen to address the challenges of hyperspectral data, such as high dimensionality and subtle spectral
variations between classes like Burnt Case and Heavily Burnt Case. RF provides interpretable feature importance, aiding in under-
standing spectral signatures like peak prominence in thermal degradation. XGBoost excels at modeling intricate relationships, such as
those between derivative features and corrosion stages, while SVM’s radial basis function kernel ensures precise separation of spec-
trally similar classes. To construct the ensemble, classifier weights were optimized using an inner 5-fold cross-validation. The resulting
weights were 0.4 for RF, 0.4 for XGB, and 0.2 for SVM, reflecting their relative predictive strengths. Two strategies were evaluated:
hard voting (majority rule) and soft voting (probability-based aggregation). Soft voting was ultimately selected, as it incorporates
probability confidence and therefore better captures minority-class information. The soft-voting ensemble mitigates individual model
limitations—RF’s potential underfitting, XGBoost’s overfitting risk, and SVM’s parameter sensitivity—enhancing robustness and
equitable performance across imbalanced classes.

Fig. 11 depicts a soft voting ensemble model that shows i™ multiple classifiers (C1 to Cn) trained on the same training data. For a
validation input, each classifier provides the probability of the input being in class LO and class L1. All probabilities of participants of
each of these are averaged separately for LO and L1. These averages are compared and, if the average probability of LO is larger than
that of L1, the input is classified as LO; otherwise, it is classified as L1. This technique uses the power of all the models together to make
better predictions.

Method validation

The validation of the proposed methodology for aircraft surface damage classification using HCI involved rigorous quantitative and
comparative analysis. The goal was to establish the model’s robustness, generalization ability, and accuracy through ensemble
learning. Three widely used evaluation metrics, Accuracy, F1-Score, and the Confusion Matrix, to assess the predictive quality across
both individual and ensemble classifiers, are employed. To begin with, performance evaluation was conducted individually for three
baseline models: RF, XGBoost, and SVM. Each of these models exhibits distinct learning characteristics: RF leverages bagging over
decision trees, XGBoost uses gradient boosting to minimize bias, while SVM separates feature space with optimal hyperplanes. Sub-
sequently, these models were fused using a soft-voting ensemble classifier, enabling the system to harness diverse perspectives from
each algorithm for improved reliability.

For reproducibility and consistency in validation, a Stratified K-Fold Cross-Validation strategy with five folds was employed. This
ensured that the class proportions were maintained across folds, especially important due to the imbalance present in the original
dataset. After applying SMOTE to address class imbalance, the model demonstrated substantial gains in generalization. When
comparing resampling methods, SMOTE consistently achieved the most stable macro-F1 across folds. Borderline-SMOTE improved
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Fig. 10. Architecture of SVM Model.
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Table 2
Implementation details of the models.

MethodsX 15 (2025) 103625

Component

Parameter

Value

Model Training

Data Split (Train/Test)

80 %/20 %

Stratification stratify=y
Cross-validation folds (GridSearch) 5
Cross-validation folds (Final Evaluation) 10
Feature Selection Selection Model RandomForestClassifier
Importance Threshold 0.02
RF Model max depth 15
min samples leaf 2
min samples split 2
n estimators 300
XGBoost Model Learning rate 0.1
max depth 3
n estimators 200
SVM Model C 5
Gamma Scale
Kernel Rbf

Training Data

Validation
e — @D @ & Cn-1 cn

L L L

P1 P2 P3 Pn-1 Pn
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Fig. 11. Architecture of the Ensemble model.

minority recall slightly but reduced precision, while ADASYN results were unstable and are therefore not reported in Table 3. The
comparative outcomes are summarized in Table 3.

The ensemble configuration of [0.4, 0.4, 0.2] for RF, XGB, and SVM achieved the highest balance of performance. Soft voting
consistently outperformed hard voting by improving recall for minority classes while maintaining competitive overall accuracy. Cross-
validation results of the individual base models are provided in Table 4, demonstrating that the ensemble improved stability and
generalization.

The ensemble model showed the highest accuracy, as indicated in Table 4, benefiting from the complementarity of the component
models. To benchmark against deep learning methods, a 1D Convolutional Neural Networks (CNN) was implemented. The CNN
achieved an overall accuracy of 85.8 %; its macro-F1 score was lower than that of the ensemble, reflecting challenges posed by limited
training data and class imbalance. By comparison, the proposed ensemble achieved a stronger balance across all classes. A comparative
summary of proposed ensemble, recent benchmark work, and deep learning models is provided in Table 5. When compared with

Table 3
Comparison of resampling methods on classification performance.
Method Macro-F1 ( %) Precision ( %) Recall ( %) Std Dev Notes
SMOTE 0.868 0.876 0.868 0.049 Stable across folds

Borderline-SMOTE 0.881 0.889 0.882 0.057 Higher recall, lower precision
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Table 4
Cross-validation performance of individual base classifiers with the proposed model.
Model Test Accuracy ( %) Precision ( %) Recall ( %) Macro-F1 ( %)
RF 88.2 89.3 88.3 88.1
XGBoost 86.8 87.7 86.7 86.5
SVM 86.4 87.0 86.4 86.1
Voting Ensemble 92.6 91.7 91.6 91.4

existing benchmark works, the ensemble shows competitive or superior performance. For instance, [14] reported RF and SVM clas-
sifiers achieving up to 92 % accuracy and 91-92 % macro-F1 on a binary cucumber leaf dataset with 440 samples. Similarly, [15]
achieved 88 % accuracy and macro-F1 using RF on 3200 sunflower seed samples, also limited to binary classification. Unlike these
studies, the present work addresses a multiclass aircraft damage classification problem, where balancing class-wise performance is
more challenging. The ensemble’s consistent macro-F1 underscores its robustness and adaptability, outperforming CNN baselines and
aligning favorably against prior RF- and SVM-based approaches in related hyperspectral domains. The CNN baseline achieved 85.8 %
accuracy but exhibited a lower macro-F1 (80.9 %), reflecting its sensitivity to class imbalance and data size. In contrast, the ensemble
classifier provided consistent macro-F1, highlighting its robustness in imbalanced settings. These findings align with recent reports in
hyperspectral classification literature, where ensemble methods have been shown to outperform deep networks when training data is
constrained. Recent studies have explored advanced deep learning strategies to mitigate these challenges. For instance,
shrinkage-based relation networks with out-of-distribution (OOD) augmentation have been proposed for fault detection under
zero-faulty or highly imbalanced conditions [20-21]. Such approaches demonstrate that incorporating shrinkage mechanisms and
OOD augmentation can substantially enhance robustness in domains with scarce or imbalanced data. While this study focuses on
ensemble-based learning, future work could integrate similar augmentation and shrinkage-inspired strategies into HSI pipelines to
further strengthen generalization in aerospace applications with limited training samples.

Beyond accuracy, the macro-averaged F1-score was used to measure balanced performance across all classes, including minority
damage types like "Peeling" and "Rust Points". The ensemble achieved the highest F1-score across these metrics, demonstrating its
robustness. Furthermore, a confusion matrix shown in Fig. 10 heat map was plotted to visualize misclassifications, revealing that
classes with overlapping spectral signatures, such as “Burnt Case” and “Heavily Burnt,” had occasional confusion but overall high
separability. The final model’s prediction confidence was bolstered by class-specific metrics and minimal overfitting as inferred from
the consistency in train-test and cross-validation accuracy. To support generalizability, feature selection was enforced based on feature
importance scores from the RF classifier, using a threshold of 0.02. This ensured only the most discriminative spectral features (such as
peak intensity and regional spectral variance across 600-800 nm) were retained, reducing dimensionality and boosting
interpretability.

The confusion matrix in the given Fig. 12 indicates that the model achieves high accuracy across most classes, with several—such as
Clean (burnt case), Heavily Burnt Case, Clean Corrosion Point, and Corrosion cycle-5 being predicted with perfect or near-perfect
accuracy. However, there are a few notable misclassifications: Burnt Case (Class 1) is misclassified as Rust Point and Lightning
Strike in several instances, and Corrosion Cycle 3 shows minor confusion with Clean Corrosion Point. These errors suggest that certain
damage types, especially those involving burnt or corroded surfaces, may share overlapping spectral patterns, making them harder to
distinguish. Despite these overlaps, the overall distribution is tightly concentrated along the diagonal, reflecting the strong general-
ization of the model. This indicates that the ensemble classifier is effective in capturing key spectral features for most material con-
ditions, with room for improvement in differentiating subtly varying surface states. Details evaluation of the model can be understood
from Table 6. ‘F1’- score of the classes 0, 2, 3, 4, 5, 6, 7, and 9 is above 0.9, suggesting that the model balances precision and recall well.
These classes are being classified consistently and accurately. It suggests that the model is not overfitting. For classes 1 and 8, an ‘F1°-
score in the range of 0.8 means less reliability for detecting these classes. For class 1, recall is also low, which means that true positives
are missed. For class 8, it predicts more false positives but recovers most true positives. The reason behind this could be the similarity in
these patterns, which hinders differentiation from other patterns. Further analysis of misclassifications revealed that classes 1 and 8
consistently underperformed. As shown in Fig. 13, t-Distributed Stochastic Neighbor Embedding (t-SNE), the feature distributions of
these two classes strongly overlap in the visible spectral range, limiting the ability of classifiers to separate them reliably.

The analysis, as shown in Table 7, sheds light on how individual models perform when used alone, offering a fresh perspective on
their contributions. With all 19 features and optimal settings, the model achieves a baseline accuracy of 92.6 % and a macro F1-score of
91.9 %, serving as the reference point. When relying solely on Random Forest, accuracy drops to 88.7 % and the macro F1-score to 88.5
%, indicating a solid but less robust performance. Using XGBoost alone results in an accuracy of 89.3 % and a macro F1-score of 89.2 %,
showing a slight edge over Random Forest. The Support Vector Machine, when used independently, yields an accuracy of 89.9 % and a
macro Fl-score of 89.8 %, suggesting it holds its own among the single models. Removing SMOTE has a profound effect, reducing
accuracy to 75.1 % and macro Fl-score to 69.8 %, underscoring its necessity for balancing the dataset. Feature-wise, excluding
wavelength features leads to a significant drop to 83.0 % accuracy and 82.5 % macro F1-score, while omitting peak features lowers
performance to 90.1 % and 90.0 %, respectively. It was found that removing derivative-based features improved the model’s accuracy
to 91.2 % with a macro F1-score of 91.1 %. This change to evaluating one model at a time suggests that, although each classifier brings
something different, the wavelength and the peak features are the most important. The use of SMOTE also proved essential for
maintaining consistent results. These findings show that combining carefully selected spectral features with ensemble classifiers can
lead to a reliable model for detecting aircraft damage in real-time for hyperspectral images. The final validation confirms that blending
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Table 5
Comparison of the ensemble classifier with the CNN baseline and recent benchmark work.
Model Accuracy ( %) Precision ( %) Recall (%) Macro-F1 ( %) Remark
Ensemble (RF+XGBoost+SVM) 92.6 91.7 91.6 91.4 Balanced across classes
1D CNN 85.8 85.0 80.7 80.9 Sensitive to class imbalance and size of data
[14] 2024 RF 92 93 90 92 440 cucumber leaves samples of binary class
SVM 91 88 94 91
[15] 2025 RF 88 88 88 88 3200 sunflower seed samples of binary class
SVM 89 89 89 89
XGBoost 85 85 85 85
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Fig. 12. Confusion Matrix of the damage classification.
Table 6
Comparative results of the damage classification.
Class Precision Recall F1-Score Accuracy
0 1.0 1.0 1.000 1.00
1 0.882 0.75 0.811 0.70
2 0.904 0.95 0.927 1.00
3 0.875 1.0 0.933 1.00
4 1.0 0.95 0.974 0.95
5 0.947 0.9 0.923 0.85
6 0.954 1.0 0.977 1.00
7 0.947 0.9 0.923 0.95
8 0.809 0.85 0.829 0.90
9 0.944 0.85 0.895 0.85
Accuracy 0.926

domain-specific spectral feature engineering with ensemble learning produces a classifier that is not only accurate and consistent but
also suitable for practical deployment in real-world aircraft damage detection.

Limitations
This study presents a practical method for identifying aircraft damage using HCI together with a combined machine learning
model. Spectral data were collected from real and simulated damage samples. The data was then analyzed using an ensemble model

made up of RF, XGBoost, and SVM. By using a soft voting ensemble model approach, an overall accuracy of 92.6 % was achieved in
classifying the different types of damage. The combination of these models helps to improve both performance and understanding of
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t-SNE Visualization of Feature Space by Class
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Fig. 13. t-SNE embedding of spectral features.
Table 7
Ablation analysis.

Configuration SMOTE Model Accuracy Macro F1-Score
Baseline Yes Voting 0.926 0.919
No SMOTE No Voting 0.751 0.698
RF Only Yes RF 0.887 0.885
XGBoost Only Yes XGBoost 0.893 0.892
SVM Only Yes SVM 0.899 0.898
No Scaling Yes Voting 0.899 0.898
All except Peak Yes Voting 0.901 0.9
All except Stats Yes Voting 0.916 0.915
All except FFT Yes Voting 0.926 0.925
All except Wavelength Yes Voting 0.83 0.825
All except Derivative Yes Voting 0.912 0.911

the results. This technique shows promise for use in automated aircraft inspection systems. The pronounced overlap of classes 1 and 8
observed in the t-SNE space reflects their inherent spectral similarity in the visible domain. This explains their reduced classification
performance. Future work could explore augmentation strategies such as spectral jitter, mix-up, and hybrid approaches like SMOTE-

Edited Nearest Neighbors to increase class separability and improve performance on these weaker categories.

The limitations of the present study are as follows:

a) The dataset, while diverse, is limited to 530 samples, which may not fully represent the variability in the damage patterns across the
different aircraft types and environmental conditions.
b) The data was collected in a controlled laboratory condition, which may or may not entirely replicate the complexities of the real-
world inspections conducted under variable lightning, weather, or structural surface geometries.
c) Although the ensemble model increases accuracy with the imbalanced dataset, it becomes computationally complex. Complexity
can be reduced if a balanced dataset is available.
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