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Abstract

External defects considerably reduce the quality, consumer acceptance, and market value of
citrus fruits. Therefore, a rapid and reliable, non-destructive inspection method is necessary
for postharvest processing. In this study, a non-destructive approach for external defect
classification of citrus fruits is developed by combining visible-near infrared hyperspectral
imaging (HSI) with effective wavelength selection (EWS) algorithms. First, 1702 spectral
samples of normal and defective regions on citrus fruit surfaces were collected. A par-
tial least squares discriminant analysis (PLS-DA) model was developed using the full
wavelength range (400-1000 nm), which achieved 99.02% prediction accuracy. Four EWS
algorithms—weighted regression coefficients, variable importance in projection, sequential
forward selection (SFS(5, 10, 15)), and random frog—were evaluated for optimal spectral
dimensionality and computational efficiency. The SFS15-PLS-DA model, which selected
15 optimal variables out of the initial 300 and used maximum normalization preprocessing,
achieved the highest prediction accuracy of 99.80%. This model demonstrated near-perfect
classification while reducing the total number of wavelengths by 95.0% (from 300 to
15 wavelengths). Further, a pixel-wise image classification algorithm was implemented
using the optimal model, which effectively detected physical damage, pest infestation, and
fungal decay. These results demonstrate that combining HSI with EWS enables compact,
interpretable, and high-performance models suitable for real-time postharvest sorting. This
approach has strong potential to enhance automation, speed, and reliability in commercial
citrus quality assessment.

Keywords: citrus external defect; hyperspectral imaging; effective wavelength selection;
machine learning; nondestructive classification

1. Introduction

Citrus fruits, rich in nutrients, are among the most widely consumed fruits in Korea [1].
Among their quality attributes, external appearance significantly influences consumer
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purchasing decisions. Common defects such as depressions, scratches, softening, and pest
damage often occur during cultivation and post-harvest handling, compromising product
safety and marketability. These defects can also accelerate decay or cross-contamination
during storage or distribution. Accurate post-harvest classification based on external quality
is therefore essential to enhance the safety and profitability of the citrus supply chain [2].

Currently, external defects in citrus fruits are typically assessed through manual
visual inspection, which is inherently subjective, labor-intensive, and inconsistent [3].
To address these limitations, automated vision-based technologies, including RGB and
hyperspectral imaging (HSI), have been explored. RGB imaging, while effective for color-
based assessments, often fails to identify subtle or early-stage defects such as softening or
decay that lack clear visual cues [4].

Hyperspectral imaging, which combines conventional imaging and spectroscopy,
provides spatially resolved spectral information for every pixel and enables non-destructive
and early detection of quality-related changes [5]. HSI has been successfully applied for
detecting early bruising in pears [6] and various defects in jujube fruits [7].

However, the high dimensionality of hyperspectral data presents significant challenges
for real-time application. Redundant and highly correlated adjacent wavelengths can
lead to increased computation time, multicollinearity, and reduced model robustness.
Therefore, effective wavelength selection (EWS) is crucial for reducing data dimensionality,
minimizing redundancy, and improving model robustness and processing speed [8].

EWS techniques are typically categorized into interval-based and point selection
methods. Interval-based methods select continuous wavelength ranges, whereas point
selection methods identify discrete, non-contiguous wavelengths, offering improved model
efficiency. Representative point-based algorithms include weighted regression coefficient
(WRCQ), variable importance in projection (VIP), sequential forward selection (SFS), and
random frog (RF). These methods differ in their selection strategies: WRC prioritizes
spectral variables with high regression coefficients [9]; VIP evaluates variable importance
within the projection space [10]; SFS adds features incrementally to minimize classification
error [11]; and RF combines random sampling and Markov Chain Monte Carlo methods
for robust selection in high-dimensional contexts [12].

Integrating HSI with EWS has been shown to improve defect classification accuracy
while significantly reducing computation [13]. This is especially critical for real-time agricul-
tural product sorting systems where throughput exceeds 5 fruits per second. Lightweight
models built on a small set of informative wavelengths enable faster inference, lower
hardware costs, and greater scalability in industrial environments.

In recent years, advanced machine learning and deep learning models such as support
vector machines (SVM) and convolutional neural networks (CNN) have been increasingly
employed in hyperspectral image classification, demonstrating high accuracy and robust-
ness in complex scenarios. However, these methods typically require large labeled datasets,
high computational resources, and often lack interpretability regarding the contribution of
individual wavelengths. In contrast, partial least squares discriminant analysis (PLS-DA)
provides a computationally efficient and interpretable alternative, particularly well-suited
for dimensionality reduction and real-time deployment. Therefore, PLS-DA was adopted
in this study for its balance of accuracy, simplicity, and explainability, making it suitable for
practical integration into sorting systems for citrus fruits.

This study aims to develop a rapid and accurate external defect classification model
for citrus fruits by integrating visible-near infrared (Vis-NIR) hyperspectral imaging with
four EWS algorithms—WRC, VIP, SFS, and RFE. The spectral characteristics of citrus fruit
defects are analyzed, effective wavelengths are identified using each algorithm, and the
classification performance of PLS-DA models based on both full-spectrum and reduced-
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spectrum data is evaluated to determine the most effective and efficient configuration for
real-world deployment.

2. Material and Methods
2.1. Experimental Samples

Satsuma mandarin (Citrus unshiu Marcow)—a variety of citrus fruit—was selected for
experiments. A total of 259 Satsuma mandarin fruits were obtained through the Agricultural
Processing Center (APC) in Seogwipo-si, Jeju Island, over three collection periods between
September and October 2023. Because the APC aggregates fruits from multiple farms within
the region, the collected samples did not originate from a single orchard and therefore
included a certain degree of variability in cultivation conditions.

Among these, 76 fruits showed no visible defects and were categorized as sound sam-
ples (Figure 1a), whereas 183 fruits exhibited various external defects, including physical
injury, cut, disease and insect damage, and decay (Figure 1b—e). Physical damages such
as abrasion, bruising, and cutting were attributed to mechanical factors, softening was
associated with environmental stress, and pest damage resulted from biotic factors. All
samples were stored at 4 °C and tempered at 20 °C for 4 h prior to hyperspectral imaging
to minimize temperature differences within the imaging environment.

(@

Figure 1. Representative RGB images of citrus fruits: (a) sound fruit, (b) physical injury, (c) cut,
(d) disease and insect damage, and (e) decay.

2.2. Hyperspectral Imaging System and Data Acquisition

The hyperspectral imaging (HSI) system comprised a hyperspectral camera, light source,
and a motorized sample conveyor, as shown in Figure 2. The hyperspectral camera (mi-
croHSI™ Hyperspectral Sensor, Corning®, New York, NY, USA) was equipped with a
C-mount lens (Schneider Optics, Hauppauge, NY, USA), covering a wavelength range of
400-1000 nm with a spectral resolution of 2 nm (300 wavelength bands). [llumination was
provided by a pair of 100 W quartz tungsten halogen line lights. The conveyor system
included a stepping motor (PK264-03A-P1, Oriental Motor, Tokyo, Japan) and a sample table.

VNIR hyperspectral camera

[ /7%

Light bank

Ak

C-Mount Lens

Light source
Translation stage

——=f

_-\ﬁ i Stepper motor

—— 5 e

Figure 2. Schematic configuration of the Vis-NIR hyperspectral imaging system.
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Hyperspectral images of citrus fruits were acquired using a line-scan (pushbroom)
method in a darkroom, with an exposure time of 6 ms, a step interval of 0.5 mm, and
600 measurement lines. The camera-to-sample distance was set to 205 mm, based on the
focal length and resolution considerations. To ensure stable and uniform illumination, the
light source was preheated for 1 h before imaging. For each measurement, twelve samples
were arranged in a 3 X 4 array. Hyperspectral images were acquired of all 259 fruits in
23 sample trays (each tray containing 12 fruits arranged in a 3 x 4 grid). Each fruit was
imaged from multiple orientations, including the stem end, calyx end, and visible defect
surfaces, ensuring defective regions were perpendicular to the camera axis.

2.3. Hyperspectral Image Correction

Dark and white reference images were acquired to correct for dark current noise
and illumination non-uniformity. Dark references were obtained by blocking the light
source with the lens cap, and white references were obtained using a 99.99% diffuse
reflectance standard (Labsphere, North Sutton, NH, USA). Hyperspectral images of citrus
samples were corrected using these reference images according to Equation (1). The raw
hyperspectral images were converted from intensity to reflectance, and variations in line
light intensity across positions were corrected during this process.

I = Lip iy = Di 1)
Witun = Didom
where I, is the corrected hyperspectral image, I is the original hyperspectral image, D is the
dark reference hyperspectral image, W is the white reference hyperspectral image, and A,
represents the A" wavelength image.

2.4. Hyperspectral Spectrum Extraction

Regions of interest (ROIs) corresponding to sound and defective areas were manually
selected from the corrected hyperspectral images. To ensure consistency and minimize
subjective bias, all ROI selections were performed by a single trained researcher following
standardized criteria. For defective samples, ROIs were defined to include only defective
regions by targeting the center of symptomatic areas while avoiding boundary edges,
shadows, and adjacent sound tissues (Figure 3). The pixel size of the selected ROIs varied
depending on the extent of the defect, ranging from approximately 50 to 7700 pixels. This
protocol ensured consistent ROI selection and minimized potential operator-dependent
variability. ROIs for sound areas were selected with comparable pixel dimensions. Spectral
data from each ROI were averaged to obtain representative reflectance spectra, yielding
852 spectra from defective regions and 850 from sound regions (total 1702 spectra). ROI

selection and spectral extraction were performed using MATLAB (R2022a, MathWorks,
Natick, MA, USA).

0
ROl extract 401 465 529 593 658 722 786 850 914 978
Wavelength (nm)

Figure 3. Workflow for extracting reflectance spectra from citrus fruit surfaces using HSI: (a) raw HSI,
(b) corrected HSI, (c) ROI selection, and (d) average spectrum extracted from each ROL
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2.5. Spectral Preprocessing

Spectral data acquired from hyperspectral imaging are often affected by environmen-
tal noise, baseline drift, and scattering, which can hinder both model performance and
effective wavelength selection. To mitigate these distortions and improve model robust-
ness, several spectral preprocessing methods were employed. These included smoothing,
first-order derivative (Savitzky—Golay), maximum normalization, mean normalization,
range normalization, standard normal variate (SNV), and multiplicative scatter correction
(MSC). Smoothing with a moving average improves the signal-to-noise ratio by eliminat-
ing random spectral noise, while the first derivative removes baseline drift and enhances
spectral resolution. Normalization reduces errors from sample preparation, and SNV and
MSC correct spectral variations caused by light scattering. In this study, the smoothing
window size was optimized by testing several candidate window sizes. A 10 nm window
was selected because it provided the best balance between reducing high-frequency noise
and preserving important spectral features associated with citrus defects. Larger window
sizes resulted in excessive spectral smoothing, whereas smaller window sizes were less
effective in reducing noise.

Smoothing (10 nm window) was applied first, followed sequentially by the other pre-
processing techniques. All data processing and analysis, including spectral preprocessing,
effective wavelength selection, and PLS-DA model development, were implemented using
Python (version 3.10, Python Software Foundation) and MATLAB (R2022a, MathWorks,
Natick, MA, USA)

2.6. Effective Wavelength Selection Algorithm

In hyperspectral images, adjacent wavelengths are often highly correlated, and contin-
uous spectral bands may contain redundant information, potentially causing collinearity
problems [14]. Additionally, some uncorrelated wavelengths may still provide useful in-
formation. To address these issues, key wavelengths contributing most to classification or
prediction must be identified. Selecting a small number of effective wavelengths (EWs) can
improve model performance, reduce computational costs, and save time [15]. Accordingly,
this study employed four effective wavelength selection algorithms: WRC, VIP, SFS, and
RE. Previous studies have reported high-performance PLS models using 15 or more vari-
ables, as well as predictive models with fewer than 10 variables [16]. For example, ref. [15]
selected 15 variables out of 237 to predict beef color, pH, and shear force, and only 5 out of
256 variables to predict meat deterioration. In this study, the number of selected variables
was limited to 15 or fewer, based on physicochemical relevance and prior research.

2.6.1. WRC—Effective Wavelength Selection

The WRC method selects effective wavelengths based on the regression coefficients (f3-
coefficients) derived from the full-spectrum PLS-DA model. The (3-coefficient indicates the
degree to which a variable contributes to model construction, with higher absolute values
representing greater importance. This approach is widely used for wavelength selection in
hyperspectral imaging applications [17]. In this study, variables with the highest absolute
[3-coefficient values were prioritized, and peak variables within this group were selected as
the final effective wavelengths.

2.6.2. VIP—Effective Wavelength Selection

The VIP method determines effective wavelengths based on VIP scores, which quantify
the influence of individual X variables on the PLS model [18]. These scores are calculated as
the weighted sum of squares of the PLS weights, considering the proportion of y variance
explained by each extracted latent variable (dimension). For a given model and dataset, a
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single VIP score vector summarizes the importance of all variables across all components
and y variables. They provide a criterion for identifying variables that make the most
significant contribution to explaining y variance [18]. It has been widely adopted as an
effective variable selection technique in chemometrics and classification modeling and was
also employed in this study. The equation for calculating the VIP score for variable j is

Lf_q wi-SSYy]
VIP; = / , 2
] \/ SSYtotal'F ( )

where wyr is the weight of the j variable in the f-th component, SSY is the sum of squares of

given as follows:

the variance in y explained by the f-th component, and | is the total number of X variables.
55Yto1a1 is the total sum of squares explained for the dependent variable, and F is the total
number of components. The term w?, represents the importance of the j-th variable in
the f-th component, and VIP; measures the overall contribution of the j-th variable in the
PLS model.

A VIP value greater than 1.0 is generally considered indicative of a variable with
strong explanatory power [19]. Therefore, in this study, variables with VIP values of 1.0 or
higher were selected as effective wavelengths for model development.

2.6.3. SFS-Effective Wavelength Selection

The SFS method is a wrapper-based feature selection algorithm that incrementally adds
variables to construct an optimal model [20]. It comprises two key components: a criterion
function and a sequential search algorithm [21]. The process begins with an empty set of
variables. In the first step, all unselected variables are evaluated as potential candidates
and scored using the criterion function, which typically estimates the misclassification rate
of the classifier [22]. Variables that significantly improve model performance when added
are incorporated into the set. The process is then repeated for the remaining variables until
a predefined number of features is reached.

In this study, a fixed-number strategy was adopted as the stopping criterion for the
SFS algorithm. The number of effective wavelengths was limited to 5, 10, and 15 to evaluate
the feasibility of developing cost-effective multispectral imaging systems with a limited
number of spectral bands. A 20-fold cross-validation method with random sampling was
used to compute the classification error during the selection process. For each target number
of wavelengths, the algorithm sequentially evaluated all remaining candidate wavelengths,
and the wavelength yielding the lowest classification error was added to the selection set.
This approach enabled the development of PLS-DA models with varying complexity while
ensuring optimal selection of effective spectral variables. It also facilitated the identification
of the point at which classification performance began to stabilize, indicating an optimal
balance between model complexity and predictive performance.

2.6.4. RF—Effective Wavelength Selection

The RF method is a stochastic variable selection technique that integrates randomized
sampling with MCMC to identify important variables from high-dimensional datasets [12].
In this study, the algorithm was configured with 10,000 iterations (N = 10,000) and an
initial variable set size of 2 (Q = 2) to ensure thorough exploration of the spectral space and
convergence of selection probabilities.

Starting from a random initial variable set, inclusion probabilities are iteratively
updated based on contributions to model performance. At each iteration, subsets of vari-
ables are randomly perturbed and evaluated using an objective function, utilizing 3-fold
cross-validation to minimize the classification error. Variables consistently improving per-
formance are assigned higher selection probabilities. By conducting extensive sampling
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across the variable space, the RF algorithm obtains a globally optimal subset of features
rather than being trapped in local optima.

This method is particularly effective when nonlinear relationships or interactions be-
tween variables are relevant, making it suitable for complex datasets. Its capacity to manage
high-dimensional spectral data while isolating only the most influential variables reduces
dimensionality and enhances computational efficiency. After 10,000 iterations, the ten vari-
ables with the highest selection probabilities—as determined through RF iterations—were
selected as effective wavelengths for PLS-DA model development.

2.7. Development of Citrus Fruit External Defect Discrimination Model

A partial least squares-discriminant analysis (PLS-DA) model was developed to clas-
sify external defects in citrus fruits using both full-spectral data (FW-PLS-DA) and variable-
selected spectra (VIP-PLS-DA, WRC-PLS-DA, SFS-PLS-DA, and RF-PLS-DA). All models
were built using preprocessed spectra data.

PLS-DA reduces multi-dimensional predictors into latent variables while preserving
their covariance with responses, making it suitable for hyperspectral data with strong
multicollinearity [23,24]. As a classification-oriented extension of partial least squares re-
gression (PLSR) [25], PLS-DA projects spectral data into latent space to maximize interclass
separation while mitigating collinearity. It also enables identification of key wavelengths
through variable selection [16].

Spectra from sound citrus (n = 850) and defective regions (n = 852) were labeled as
class 0 and class 1, respectively. The dataset was split into a calibration set (70%, 1192 spec-
tra) and a prediction set (30%, 510 spectra). To avoid potential data leakage and ensure an
unbiased evaluation, the data partitioning was performed at the individual fruit level. All
spectra extracted from the same fruit were assigned exclusively to either the calibration or
the prediction set. Specifically, 111 fruits (45 sound and 66 defective) were allocated to the
calibration set, while 49 fruits (20 sound and 29 defective) were used for the independent
prediction set (Table 1). This strategy ensures that no spectra from the same fruit appear in
both datasets. Robustness was further evaluated using 20-fold cross-validation (~85 sam-
ples per fold). PLS-DA was then employed to decompose the predictor matrix (X) and
response vector (Y) into latent variables (LVs), with a classification threshold of 0.5.

X =TPT +Ex 3
Y =UQ" + Ey ©)
U=TB+E

Table 1. Data distribution and partitioning of citrus samples into calibration and prediction sets for
PLS-DA modeling.

Calibration Set  Prediction Set

Total Fruits  Total Spectra (Fruits/Spectra)  (Fruits/Spectra)

Sound (Class 0) 65 850 45/595 20/255
Defective (Class 1) 95 852 66/597 29/255
Total 160 1702 111/1192 49/510

Here, X denotes the independent variable matrix (spectral data), Y is the dependent
variable vector indicating class labels. T and U are the score matrix corresponding to X and
Y, respectively. P and Q are the loading matrices (eigenvectors) of the independent and
dependent variables, respectively. Ex, Ey, and E are residual matrices, and p represents the
PLS regression coefficients.

The workflow for model development using full vs. effective wavelength selection is
shown in Figure 4.
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Figure 4. Schematic overview of PLS-DA model development process: Comparison between models
built using the full spectral range and those constructed using effective wavelength selection based
on various selection algorithms and preprocessing methods.

A total of 56 models were evaluated: eight full-spectrum PLS-DA models and 48 EW-
PLS-DA models. For each model, the optimal number of LVs was determined by identifying
the inflection point (knee point) on the RMSECYV curve obtained via 20-fold cross-validation.
This selection strategy aimed to identify the point where the rate of error reduction stabi-
lized, thereby adhering to the principle of parsimony. By selecting LVs at the inflection
point rather than the absolute minimum RMSECYV, the risk of overfitting was reduced while
maintaining model robustness. The selected LVs were kept consistent across calibration
and prediction steps to ensure model stability.

2.8. Performance Metrics

The performance of the developed PLS-DA models was evaluated using three standard
classification metrics: accuracy, precision, and specificity. These metrics were calculated
using the following equations:

Accuracy = TP+ TN 4)
Y T TP TN+ FP+ EN
. TP
Precision = TP L EP 5)
e TN
Specificity = TN+ EP (6)

Here, TP denotes True Positive (the number of correctly classified sound citrus sam-
ples), TN denotes True Negative (the number of correctly classified defective citrus samples),
FP denotes False Positive (the number of defective citrus samples incorrectly classified as
sound citrus samples), and FN denotes False Negative (the number of sound citrus samples
incorrectly as defective samples).

Each metric provides insight into a different aspect of model performance. Accuracy
reflects the overall correctness of classification across both classes. Precision indicates the
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model’s ability to reliably identify sound citrus fruits without misclassifying defective ones.
Specificity assesses the model’s capacity to correctly reject defective samples, avoiding
false acceptances.

3. Results and Discussion
3.1. Spectral Characteristics of Citrus Defects

The spectral characteristics of sound and defective regions were analyzed using re-
flectance spectra extracted from Vis-NIR hyperspectral images of citrus fruits. Figure 5
shows the mean reflectance spectra along with standard deviations in the 400-1000 nm
range for both sound and defective areas.

500 — 700 nm 950 nm
T

1

I l
1

1

1

0.8 1

0.6 1

0.4 1 .
Physical external

injury

Damaged by

CUE disease and insects

Reflectance

0.2 1

Sound Decayed

External injury Damaged by
Cut disease and insects

0.01

400 500 600 700 800 900 1000
Wavelength (nm)

Decayed sound

Figure 5. Mean raw reflectance spectra (£standard deviation) of citrus fruits by sound and various
defect types.

Defective regions exhibited significantly lower reflectance in the 550-700 nm range,
primarily associated with carotenoid absorption [26]. Previous studies have shown that
higher carotenoid content generally results in increased reflectance at approximately 550
and 700 nm [27]. The lower reflectance observed in defective areas suggests a reduction in
carotenoid content, likely due to degradation of chlorophyll or other pigment components
in the peel [28]. Defects caused by pests and diseases showed even more pronounced
reductions in reflectance, which may be attributed to carotenoid breakdown in infected
peel tissues [29].

A distinct absorption peak was observed at approximately 950 nm, corresponding
to the second overtone of O-H bonds in water molecules [30]. This feature was partic-
ularly prominent in samples with cutting and softening defects. In cutting defects, it is
attributed to the exposure of high-moisture flesh, while in softening defects, it may result
from moisture accumulation caused by enzymatic degradation of cell walls during fungal
infection [31].

3.2. Results of External Defect Discrimination Model Development in Citrus
3.2.1. FW-PLS-DA Model

A PLS-DA model to identify external defects in citrus was developed using the full
wavelength range of 400-1000 nm. Eight PLS-DA models, including one using raw spec-
tra and seven using different preprocessing methods, were evaluated, with the results
summarized in Table 2.
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Table 2. Performance summary of PLS-DA models for detecting external defects in citrus using full
wavelength range under different preprocessing methods.

Calibration Cross Validation Prediction .
% LVs
%) Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision
Raw 99.25 99.66 99.66 99.25 99.66 99.66 99.22 98.82 98.83 7
Maximum Nor!  97.99 98.99 98.97 97.99 98.82 98.81 95.10 96.86 96.75 5
Mean Nor ! 99.41 99.83 99.83 99.33 99.66 99.66 99.22 98.82 98.83 10
Range Nor 1 98.15 99.33 99.31 98.07 99.33 99.31 96.67 98.04 97.98 5
SNV 96.64 97.82 97.77 96.48 97.65 97.60 93.53 96.86 96.64 3
MSC 97.32 99.66 99.65 97.32 99.66 99.65 95.29 98.43 98.33 4
Smoothing
(MA. 2 10 nm) 99.25 99.66 99.66 99.25 99.66 99.66 99.22 98.82 98.83 7
1st order
derivative 99.50 100 100 99.25 99.83 99.83 99.02 98.43 98.45 5
(SG. 3 10 nm)
! Normalization; > Moving average, > Savitzky-Golay, * Latent variables.
The PLS-DA model built with raw spectral data demonstrated excellent classification
performance, achieving 99.25% accuracy in both calibration and cross-validation, and
99.25% accuracy in the independent prediction set using seven latent variables (LVs).
Among the preprocessing methods, the mean normalization achieved the highest
performance, with calibration accuracy, specificity, and precision of 99.41%, 99.83%, 99.83%,
cross-validation accuracy of 99.33%, and prediction accuracy of 99.22%. Figure 6 presents
the model results: (a) cross-validation results, (b) weighted regression coefficients, (c) pre-
diction plots, (d) confusion matrix for the prediction, (e) spectra of the misclassified sample,
and (f) corresponding RGB image.
(a) Root Mean Square Error - Mean (Full_wave) (b) Beta Coefficients - Mean (C) Mean (Full_wave) Pred
' 0.075 LV=10, Intercept=0.500839 141 ¢ Defect .
03 0050 12 ® Sound
0300 ---- Base Line
- 1.0
£ 0025 s
0275 5 = 08
. E q >
g 0250 2 0.000 g 0.6
. g ~0.025 2o T o
‘ & -0.050 £ 42
“ -0.075 0.0
H -0.100 0.2
1 2 3 4 5 6 7 8 91011 1213 14 15 400 500 600 700 800 900 1000 0.00 025 050 0.75 1.00
Factors(Number of LVs) Wavelength (nm) Actual category of samples
(d) 250 (€)
=
=l 0,988 00
g (252)
:: 150 g
Q S
E 100 %
E, 0.004 0.996 R
3 (1 (254) 50
sound defect
500 600 700 800 900 1000
Predicted label Wavelength (nm)

Figure 6. Performance of the full-wavelength PLS-DA model with mean normalization: (a) root
mean square error (RMSE) curves for the selection of the optimal number of latent variables (LVs);
(b) weighted beta coefficients; (c) prediction plots; (d) confusion matrix (the color bar indicates the
frequency of classification); (e) reflectance spectra of the misclassified sample (No. 42); and (f) visual
image of the misclassified sample.
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In the independent prediction set, four samples were misclassified, including one
defective sample that was incorrectly classified as sound. This sample (No. 42) exhibited a
minor physical defect. Analysis of the misclassified spectra (Figure 6e) revealed notable
reflectance differences around 480 nm, 650 nm, and 680 nm, which correspond to prominent
peaks in the weighted regression coefficient plot (Figure 6b), highlighting their importance
in defect classification.

A systematic review of the misclassified cases indicated that errors were frequently
associated with specific defect types, particularly small physical abrasions and shallow sur-
face scars. These defects often exhibit spectral signatures that closely overlap with those of
healthy peel, especially when the affected area is small or lacks significant chemical degra-
dation. This observation suggests that spectral-based approaches alone may face limitations
in distinguishing minor physical blemishes from sound tissue. Integrating morphological
features—such as defect shape, size, and surface texture—with spectral information could
potentially reduce these misclassifications by providing structural context that pixel-level
spectral data alone may not capture.

3.2.2. Selection of Effective Wavelengths for External Defect Discrimination

To enable real-time application and reduce system complexity, effective wavelength se-
lection (EWS) was implemented to develop lightweight PLS-DA models. Four wavelength
selection algorithms—WRC, VIP, SES, and RF—were applied in combination with optimal
preprocessing methods. The best-performing results for each method are summarized in
Table 3.

Table 3. Selected wavelengths for identifying citrus external defects using different variable selec-
tion methods.

. Variable Selection Number of Selected
Preprocessing Method Selected Variable Wavelengths (nm)
475, 511, 631, 654, 878, 888
7 1 7 7 7 4 4 7
Smoothing (MA. * 10 nm) WRC 10 892, 926, 932, 944
Maximum Nor 2 VIP 145 401-495, 529-690, 920-950

413, 449, 451, 453, 501, 561,

1st order derivative (SG. 3 10 nm) SFS 15 583, 635, 754, 762, 878, 896,
898,908, 918
.. 3 453,501, 561, 603, 736, 872,
1st order derivative (SG. ° 10 nm) SFS 10 880, 892, 902, 918
1st order derivative (SG. 3 10 nm) SFS 5 503, 756, 876, 904, 916
479, 483,511, 513, 515, 629,
Raw RF 10

631, 648, 894, 948

1 Moving average; 2 Normalization, 3 Savitzky-Golay.

The WRC method selected effective wavelengths by assessing the importance of
predictor variables through weighted regression coefficients, with peaks and valleys indi-
cating key spectral regions for differentiating sound from defective citrus. Moving average
(10 nm window) was identified as the optimal preprocessing method, yielding ten selected
wavelengths: 475, 511, 631, 654, 878, 888, 892, 926, 932, and 944 nm.

The VIP algorithm quantified each variable’s contribution to the PLS model as a score,
with values above 1.0 considered highly influential [16]. Using maximum normalization,
the VIP model included 145 wavelengths (spanning 401495, 529-690, and 920-950 nm)
with VIP scores above 1.0.

The SFS algorithm selected wavelengths sequentially by evaluating their effect on
classification error, testing sets of 5 (SFS05), 10 (SFS10), and 15 (SFS15) wavelengths. Mis-
classification rates were calculated via 20-fold cross-validation. The optimal preprocessing
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for all SFS models was the first-order derivative. The selected wavelengths were: 503, 756,
876, 904, and 916 nm for SFS05; 453, 501, 561, 603, 736, 872, 880, 892, 902, and 918 nm for
SFS10; and 413, 449, 451, 453, 501, 561, 583, 635, 754, 762, 878, 896, 898, 908, and 918 nm
for SFS15. Notably, prediction accuracy increased with the number of variables, reaching
99.80% for SFS15 and 99.22% for SFS10, respectively.

The RF algorithm, based on MCMC for probabilistic variable selection, estimated
variable importance through repeated PLS model training. Using raw spectral data, RF
selected ten effective wavelengths: 479, 483, 511, 513, 515, 629, 631, 648, 894, and 948 nm.

The effective wavelengths identified across different selection methods (Table 2) con-
sistently correspond to the primary biochemical components of citrus fruit. Specifically,
wavelengths in the 450-550 nm and 630-680 nm ranges are associated with the absorption
characteristics of carotenoids and chlorophylls, respectively, reflecting pigment degradation
in defective tissues. Furthermore, wavelengths selected in the 900-950 nm region align with
the second overtone of O-H stretching, which is indicative of moisture content variations
and cellular structural changes in areas affected by physical injury or decay. The consistency
of these physiologically meaningful spectral bands across different wavelength selection
methods indicates that the developed PLS-DA models capture biologically relevant spectral
information rather than relying on stochastic noise or spurious correlations.

3.2.3. EW-PLS-DA Models for Citrus Fruit External Defect Classification

This section presents the development and comparative evaluation of EW-PLS-DA
models based on four effective wavelength selection algorithms—WRC, VIP, SFS, and
RF—for discriminating external defects in citrus fruits.

WRC-PLS-DA Model

For the WRC-PLS-DA model, effective wavelengths were selected from the peaks
with the highest absolute 3-coefficients and their physicochemical relevance identified in
the full-wavelength PLS-DA model. The optimal set was derived from the first-derivative
FW-PLS-DA model, which achieved the highest discrimination performance.

The selected wavelengths under first-derivative preprocessing are listed in Table 2
and shown in Figure 7a. Among them, 475 nm and 511 nm correspond to absorption bands
related to carotenoid—chlorophyll complexes [32]. The wavelengths of 630 nm, and 650 nm
were associated with chlorophyll overtone absorption [32]. In addition, 880 nm is associated
with second overtone of C—H bonds [33] and 926 nm corresponds to second overtone of
O-H bonds in water molecules [34].

The performance of the WRC-PLS-DA models using different pretreatment methods
is summarized in Table 4. Using these wavelengths and moving average preprocessing,
the WRC-PLS-DA model achieved 98.57% calibration accuracy and 99.02% prediction
accuracy, slightly lower than the FW-PLS-DA model (99.22%). Classification performance
(Figure 7c,d) shows that sound and defective samples were generally well-separated.
However, three out of 255 defective samples were misclassified as sound. Analysis of the
misclassified spectra (Figure 7e) suggests that these errors occurred because the minor
physical damage on those specific samples exhibited reflectance characteristics highly
similar to the mean spectrum of sound fruits. This spectral similarity made it challenging for
the model to achieve perfect discrimination, even with the optimized effective wavelengths.
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Figure 7. Results of the WRC-PLS-DA model with moving average (10 nm window) preprocessing:

(a) weighted beta coefficients and selected effective wavelengths; (b) root mean square error (RMSE)
curves for the selection of the optimal number of latent variables (LVs); (c) beta coefficients of the
PLS-DA model developed using the selected wavelengths; (d) prediction plots showing actual versus
predicted categories; (e) confusion matrix for the prediction results (the color bar indicates the
frequency of classification); and (f) reflectance spectra of defective samples misclassified as sound.

Table 4. Performance of WRC-PLS-DA model for citrus external defects discrimination using different
pretreatment methods with selected wavelengths.

Calibration Cross Validation Prediction .
% LVs
%) Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision
Raw 98.83 99.50 99.49 98.83 99.33 99.32 98.63 99.22 99.21 3
Maximum Nor!  98.15 99.33 99.31 98.15 99.33 99.31 96.86 98.04 97.99 3
Mean Nor ! 98.99 99.66 99.66 98.99 99.66 99.66 97.65 98.04 98.02 7
Range Nor ! 96.81 98.49 98.44 96.81 98.49 98.44 96.67 97.65 97.60 3
SNV 96.90 98.99 98.95 96.81 98.99 98.95 94.31 96.86 96.69 5
MsC 96.90 98.99 98.95 96.90 98.99 98.95 96.86 97.65 97.61 3
Smoothing
(MA. 2 10 nm) 98.57 98.99 98.99 98.49 98.82 98.82 99.02 99.22 99.21 3
1st order
derivative 99.16 99.33 99.33 99.08 99.16 99.16 98.04 98.04 98.04 5
(5G.3 10 nm)

! Normalization; > Moving average, > Savitzky-Golay, 4 Latent variables.

VIP-PLS-DA Model

The classification performance of the VIP-based PLS-DA models is summarized in
Table 5. The VIP-based PLS-DA model retained all spectral variables with VIP scores > 1.0,
resulting in 145 selected wavelengths. Maximum normalization provided the highest pre-
diction accuracy at 98.82%. Figure 8a shows that these variables were concentrated in
continuous bands particularly near 450, 600, and 800-1000 nm. This broad selection is
attributed to the nature of the VIP method, which identifies all variables with significant
cumulative influence on the model’s explanatory power, whereas iterative algorithms
like SES or SPA prioritize the elimination of redundancy. These regions are essential for
capturing pigment degradation (such as the breakdown of carotenoids and chlorophylls
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during decay) and moisture variations (O-H overtones) in the citrus peel, providing a com-
prehensive biochemical profile of the defects. While this approach limited dimensionality
reduction compared to other algorithms, it ensured the inclusion of all critical spectral
features. Figure 8d,e show the classification results and confusion matrix for the prediction
set, where only six samples were misclassified. This validates the utility of VIP-PLS-DA for
identifying essential spectral regions in high-dimensional data, even with slightly lower
accuracy than the FW-PLS-DA model.

Table 5. Performance of VIP-PLS-DA model for citrus fruit external defects discrimination using
different pretreatment methods with selected wavelengths.

Calibration

Cross Validation Prediction

o 4
%) Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision Lvs
Raw 98.41 99.33 99.32 98.15 99.33 99.31 97.45 99.22 99.19 7
Maximum Nor!  98.91 100.00 100.00 98.91 100.00 100.00 98.82 98.82 98.82 10
Mean Nor ! 96.81 98.82 98.78 96.64 98.66 98.60 94.31 97.65 97.48 3
Range Nor ! 97.23 99.66 99.65 97.15 99.66 99.65 95.29 97.65 97.53 7
SNV 97.74 99.66 99.65 97.74 99.66 99.65 96.86 97.26 97.23 4
MSC 95.72 98.82 98.75 95.72 98.82 98.75 95.29 97.65 97.53 4
(SI\TZ?;higi m 9815 99.33 99.31 98.07 99.16 99.14 98.04 99.22 99.20 5
1st order
derivative 97.90 99.50 99.48 97.74 99.33 99.31 98.43 98.82 98.81 4
(SG. 3 10 nm)

1 Normalization; 2 Moving average, 3 Savitzky-Golay, 4 Latent variables.
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Figure 8. Results of the VIP-PLS-DA model with maximum-normalization: (a) VIP scores and
selected effective wavelengths; (b) RMSE curves for the selection of the optimal number of LVs;
(c) beta coefficients for the selected wavelengths; (d) prediction plots; (e) confusion matrix for the
prediction set (the color bar indicates the frequency of classification); and (f) reflectance spectra of
misclassified samples.

SFS-PLS-DA Models

The SFS-based PLS-DA models were developed by selecting 5, 10, and 15 effective
wavelengths, referred to as SFS05-PLS-DA, SFS10-PLS-DA, and SFS15-PLS-DA, respectively.
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The performance of these models with various preprocessing methods is summarized in
Table 6, and visual results are presented in Figure 9.

Table 6. Performance of SFS-PLS-DA Model for citrus fruit external defects discrimination using
different pretreatment methods and selected effective wavelengths.

Calibration Cross Validation Prediction
(%) No. . . . Lvs?®
sv1 Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision
5 97.57 98.66 98.63 97.57 98.66 98.63 95.49 96.86 96.77 4
Raw 10 98.83 99.50 99.49 98.83 99.50 99.49 98.04 98.43 98.42 6
15 98.15 98.99 98.98 98.07 98.99 98.98 96.67 97.65 97.60 5
Maxi 5 97.40 98.99 98.96 97.32 98.99 98.96 96.86 99.22 99.18 4
Naxgmum 10 9807  99.50 99.48 9807  99.50 99.48 9667  97.65 97.60 4
or 15 98.57 99.66 99.66 98.57 99.66 99.66 96.86 98.04 97.99 4
5 97.48 99.50 99.48 97.40 99.50 99.48 96.86 98.04 97.99 3
Mean Nor 2 10 98.07 99.66 99.65 98.07 99.66 99.65 96.47 97.65 97.59 3
15 98.32 99.66 99.66 98.32 99.66 99.66 97.06 97.65 97.62 4
5 97.74 99.33 99.31 97.65 99.33 99.31 94.51 96.47 96.33 4
Range Nor? 10 98.91 99.66 99.66 98.83 99.66 99.66 96.86 98.43 98.38 5
15 98.24 99.66 99.66 98.24 99.66 99.66 96.67 98.43 98.37 6
5 97.48 99.83 99.82 97.48 99.83 99.82 94.31 98.43 98.29 4
SNV 10 97.48 98.82 98.80 97.48 98.82 98.80 94.31 96.08 95.94 3
15 98.24 99.83 99.83 98.15 99.83 99.83 94.12 98.43 98.28 6
5 96.56 99.66 99.64 96.56 99.66 99.64 95.88 97.26 97.18 3
MsSC 10 96.31 99.50 99.46 96.23 99.50 99.46 95.10 98.04 97.92 4
15 95.64 98.99 98.92 95.47 98.99 98.92 94.31 98.82 98.71 3
Smoothing 5 97.65 98.82 98.80 97.57 98.82 98.80 96.28 97.65 97.58 4
(MA. 3 10 98.15 99.33 99.31 98.15 99.33 99.31 95.49 95.69 95.67 4
10 nm) 15 99.25 99.16 99.16 99.25 99.16 99.16 99.22 99.22 99.22 6
1st order 5 98.99 99.83 99.83 98.99 99.83 99.83 98.04 97.65 97.67 4
derivative 10 98.99 99.50 99.49 98.99 99.50 99.49 99.22 99.61 99.61 5
(SG.#10nm) 15 99.50 99.66 99.66 99.50 99.66 99.66 99.80 100 100 5

! Number of selected variables; 2 Normalization; > Moving average, 4 Savitzky-Golay, ® Latent variables.

The SFS15-PLS-DA model demonstrated the most superior performance among all
evaluated models using first-order derivative preprocessing, achieving a near-perfect
discrimination accuracy of 99.80%. Fifteen effective wavelengths were selected, as listed
in Table 2 and shown in Figure 9a. According to the confusion matrix (Figure 9g), only
one defective sample out of 255 was misclassified as sound, while all sound samples
were correctly identified. This single missed defect exhibited a minor physical injury with
reflectance characteristics highly similar to normal peel regions, as evidenced by its position
near the classification threshold in Figure 9d.

The SFS10-PLS-DA model also achieved excellent results with a prediction accuracy
of 99.22% using the first-order derivative. This result outperformed the FW-PLS-DA model
(99.02%) despite using only 10 wavelengths, demonstrating the high efficiency of the
selection algorithm. Selected wavelengths for this model are shown in Table 2 and Figure 9b.

The SFS05-PLS-DA model, using only five variables, achieved a discrimination accu-
racy of 98.04% with the same preprocessing. Across all SFS models, misclassified defects
were primarily limited to fine cuts or minor injuries that presented spectral similarities to
sound areas.

Overall, the SFS15-PLS-DA model demonstrated superior classification accuracy while
reducing the number of input variables by more than 95% (from 300 to 15 wavelengths),
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enhancing computational efficiency and highlighting its suitability for real-time defect
detection in citrus sorting systems.
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Figure 9. Results of SFS-based PLS-DA models with 5, 10, and 15 selected wavelengths for citrus
external defect discrimination: (a—c) Effective wavelengths selected for SFS15, SFS10, and SFS05
models, respectively; (d—f) classification performance plots of each model; and (g—i) confusion
matrices corresponding to each model’s prediction results (the color bar indicates the frequency
of classification).

Results of RF-PLS-DA Model

The RF-based PLS-DA model was developed by calculating the RMSECYV for each
variable across the full wavelength range and selecting the top 10 variables with the lowest
RMSECYV values, aiming to retain only the most influential spectral features.

Among RF-PLS-DA models with different preprocessing methods, raw spectral data
yielded the lowest prediction error, achieving an external defect discrimination accuracy
of 99.41%. Selected wavelengths are listed in Table 2 and illustrated in Figure 10a. These
wavelengths span the visible and near-infrared regions, corresponding to pigment-related
absorption and structural characteristics relevant for citrus peel quality assessment.
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Figure 10. Results of the RF-PLS-DA model with raw spectral data: (a) selection probabilities and
selected effective wavelengths; (b) root mean square error (RMSE) curves for the selection of the
optimal number of latent variables (LVs); (c) beta coefficients of the PLS-DA model developed
using the selected wavelengths; (d) prediction plots showing actual versus predicted categories;
(e) confusion matrix for the prediction results (the color bar indicates the frequency of classification);
and (f) reflectance spectra of defective samples misclassified as sound.

Classification performance (Figure 10d,e) shows high accuracy, particularly for sound
samples. However, some defective samples—especially small or visually ambiguous
defects—were misclassified as normal. In total, three samples were misclassified in the pre-
diction set. Specifically, two defective samples were misclassified as sound, while one sound
sample was misclassified as defective. As shown in the misclassified spectra (Figure 10f),
these errors were mainly due to minor defects producing spectral patterns highly similar to
sound regions, making them difficult to distinguish even with the prioritized wavelengths.

Summary of EW-PLS-DA Model Results

The best-performing PLS-DA models developed using EWS algorithms across various
preprocessing methods are summarized in Table 7. Among the four EWS algorithms
(WRC, VIP, SES, RF), the SFS15-PLS-DA model, which employed first-order derivative
preprocessing and selected 15 wavelengths, achieved the highest overall discrimination
accuracy of 99.80% in the prediction set.

The overall classification performance of the PLS-DA models using various wave-
length selection methods is summarized in Table 8. This performance significantly sur-
passed the highest accuracy of the FW-PLS-DA models (99.22%) using the full wavelength
range, despite reducing the total number of wavelengths by 95.0% (from 300 to 15 wave-
lengths). Furthermore, the SFS10-PLS-DA model demonstrated exceptional efficiency by
achieving a prediction accuracy of 99.22%, which is identical to the peak performance of
the full-spectrum model while using only 10 wavelengths—representing a 96.7% reduction
in spectral data.
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Table 7. RF-PLS-DA model for the identification of external defects in citrus fruits using different
pretreatment methods with selected wavelengths.

Calibration Cross Validation Prediction
(%) 4
Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision LVs

Raw 99.16 99.33 99.33 99.08 99.33 99.33 99.41 99.61 99.61 6
Maximum Nor!  97.06 99.16 99.13 96.98 98.99 98.95 95.69 98.43 98.34 3
Mean Nor ! 96.81 98.49 98.44 96.73 98.32 98.27 95.49 99.22 99.15 3
Range Nor 1 97.74 99.50 99.48 97.74 99.50 99.48 97.06 99.61 99.59 5
SNV 98.32 99.83 99.83 98.32 99.83 99.83 97.26 98.04 98.01 5
MSC 94.04 98.82 98.70 93.96 98.66 98.52 90.39 98.04 97.69 6
Smoothing
(MA. 2 10 nm) 90.94 96.13 95.70 90.35 95.80 95.30 83.73 90.20 88.74 4
1st order
derivative 97.48 97.98 97.97 97.48 97.98 97.97 96.86 96.08 96.14 3
(SG. 3 10 nm)

! Normalization; > Moving average, > Savitzky-Golay, * Latent variables.

Table 8. Summary of PLS-DA Models using different effective wavelength selection methods for

citrus fruit external defect classification.

) ‘S/afiab‘le Nfumber Calibration Cross Validation Prediction

Preprocessing Meef}cltégn g/ariables Accuracy Specificity Precision Accuracy Specificity Precision Accuracy Specificity Precision
Smoothing
(MA.1 WRC 10 98.57 98.99 98.99 98.49 98.82 98.82 99.02 99.22 99.21
10 nm)
%g;“zmum VIP 145 98.91 100.00 100.00 9891 100.00 100.00  98.82 98.82 98.82
1st order SFS 15 99.50 99.66 99.66 99.50 99.66 99.66 99.80 100 100
derivative SFS 10 98.99 99.50 99.49 98.99 99.50 99.49 99.22 99.61 99.61
(SG.?10nm)  SFs 5 98.99 99.83 99.83 98.99 99.83 99.83 98.04 97.65 97.67
Raw RF 10 99.16 99.33 99.33 99.08 99.33 99.33 99.41 99.61 99.61

1 Moving average; 2 Normalization, 3 Savitzky-Golay.

This substantial reduction, achieved while maintaining or even enhancing classifi-
cation accuracy, demonstrates the model’s efficiency in distinguishing various external
defects, including physical damage, environmental stress, and pest- or disease-related
defects, in citrus fruits.

To validate the practical applicability of the optimal SFS15-PLS-DA model, an image
processing algorithm was developed for the automated detection of external defects in
citrus. The workflow is illustrated in Figure 11 and consists of the following steps: (a) ac-
quire hyperspectral images, (b) perform calibration of the hyperspectral images, (c) create
a binary image by applying a threshold value (>0.1) to the image at 561 nm, (d) apply
masking based on the binary image, (e) generate a PLS image using the equation from the
developed SFS15-PLS-DA model, and (f) discriminate external defects in citrus.

Figure 12 shows classification results for various defect types including physical, envi-
ronmental, and pest- or disease-related damage. The algorithm accurately segmented defect
areas, supporting the model’s robustness and generalizability. These results demonstrate
that the integration of Vis-NIR hyperspectral imaging with EWS algorithms can enable
compact, high-speed, and accurate defect detection systems suitable for non-destructive,
real-time citrus sorting with reduced hardware complexity and cost.

However, it should be noted that all samples used in this study were collected with the
same growing season. Although the fruits were sourced through an APC that aggregates
products from multiple farms, the dataset still represents limited seasonal and varietal vari-
ability. Therefore, the absence of independent external validation—such as citrus samples
from different orchards, growing seasons, or cultivars—remains a limitation of this study:.
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Figure 11. Flowchart of the image processing algorithm for citrus fruit external defect discrimination
based on the SFS15-PLS-DA model.
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Figure 12. Representative segmentation results of citrus fruit external defects using the proposed
SFS15-PLS-DA-based image processing algorithm.

Future research should incorporate more diverse datasets to systematically evaluate
the robustness and generalizability of the proposed model under real-world agricultural
conditions. In addition, the current binary classification framework may have limitations
for direct application to commercial grading systems, which often require discrimination
among multiple defect categories (e.g., mechanical damage, pest injury, decay, and sunburn).
The proposed hyperspectral framework could be extended to multi-class classification
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models by incorporating additional labeled datasets representing different defect types,
enabling more detailed defect-specific grading in commercial sorting systems.

Although ROIs were manually selected during the model development stage to ob-
tain representative spectral signatures, the proposed approach can be extended to a fully
automated framework. The pixel-wise classification results demonstrated in this study
indicate that defect regions can be automatically localized across the fruit surface, enabling
automated ROI identification without manual intervention. Binary classification results
can be directly translated into fruit-level grading decisions by aggregating pixel-level
predictions across the fruit surface. In practical applications, this approach could be im-
plemented by combining fruit segmentation, pixel-wise spectral classification, and defect
region aggregation to achieve automated defect detection at the fruit level.

Although the proposed model shows potential for real-time citrus sorting, the present
study did not directly assess processing speed, hardware implementation, or economic
feasibility compared with existing RGB-based grading systems. However, the substantial re-
duction in spectral variables achieved through effective wavelength selection significantly
decreases the dimensionality of the input data, which is expected to reduce computa-
tional complexity in practical implementations. Furthermore, this reduction provides a
practical basis for implementing compact multispectral imaging systems with a limited
number of optical filters. These aspects should be further investigated under practical
commercial conditions.

4. Conclusions

This study developed a PLS-DA model to discriminate external defects in citrus
fruits using Vis-NIR hyperspectral imaging combined with effective wavelength selection
algorithms. Multiple preprocessing techniques and four variable selection algorithms (WRC,
VIP, SFS, RF) were systematically applied to enhance model accuracy while reducing the
number of spectral variables.

The FW-PLS-DA model achieved a high peak external defect discrimination accuracy
of 99.22% in the prediction set. Among the EW-PLS-DA models developed through effec-
tive wavelength selection, the SFS15-PLS-DA model combined with first-order derivative
preprocessing exhibited the highest overall accuracy of 99.80%. This demonstrates that
superior classification performance can be achieved using only 15 wavelengths out of 300,
representing a substantial reduction of approximately 95.0% of the spectral data.

These results indicate that a minimal set of effective wavelengths can successfully
discriminate diverse types of citrus external defects, including those caused by physical
damage, environmental stress, pests, and diseases. This capability underscores the potential
for significant improvements in classification speed and cost efficiency in real-time, non-
destructive sorting systems.

Future work should focus on integrating the SFS15-PLS-DA model into high-speed
hardware systems and validating its performance under dynamic field conditions. Because
the model relies on only a small number of selected wavelengths, it can potentially be im-
plemented using a compact multispectral imaging system rather than a full hyperspectral
sensor, which would significantly reduce computational load and system cost. To address
the challenge of localized, non-uniform defects in commercial settings, future research will
explore the implementation of rotating roller conveyors or multi-camera systems. Such
hardware configurations would ensure a 360-degree inspection of the fruit surface, eliminat-
ing blind spots and allowing the model to detect defects regardless of their orientation. In
addition, the reduced number of wavelengths enables faster processing of multiple viewing
angles, which is advantageous for real-time sorting systems. Deploying the model in a
real-time prototype or automated citrus sorting system will further enhance its practical
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impact and accelerate adoption in commercial postharvest operations. These developments
could support the commercialization of smart, high-efficiency, non-destructive sorting
systems for citrus and other agricultural products.
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