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Abstract: Fluorescence imaging has emerged as a powerful tool for detecting surface damage in fruits,
yet its application to vegetables such as green bell peppers remains underexplored. This study inves-
tigates the fluorescent characteristics of minor mechanical damage, specifically 5 x 5 mm cuts in the
exocarp of green bell peppers, which conventional digital imaging techniques fail to classify accurately.
Chlorophyll fluorescence imaging was combined with machine learning algorithms—including logis-
tic regression (LR), artificial neural networks (ANN), random forests (RF), k-nearest neighbors (kNN),
and the support vector machine (SVM) to classify damaged and sound fruit. The machine learning
models demonstrated a high classification accuracy, with calibration and prediction accuracies ex-
ceeding 0.86 and 0.96, respectively, across all algorithms. These results underscore the potential of
fluorescence imaging as a non-invasive, rapid, and cheaper method for assessing mechanical damage
in green bell peppers, offering valuable applications in quality control and postharvest management.

Keywords: Capsicum annuum L.; early detection; defective; sorting; fruit quality

1. Introduction

Green bell pepper (Capsicum annuum L.) has become the preferable vegetable to be
consumed during the last few years due to its suspected links to cardiovascular disease
prevention; atherosclerosis, cancer, and hemorrhage prevention; the slowing of the aging
process; the avoidance of cholesterol; and the enhancement of physical resistance, as it
contains a high amount of vitamins and antioxidants [1]. Bell peppers are considered
non-climacteric vegetables, typically harvested either during the green edible stage (green
bell pepper) or during the ripe color stage (red, yellow, or orange). In Japan, the increasing
demand for this vegetable increased the country’s production, reaching 148.500 tons in
2021 from only around 140.400 tons in 2015 [2]. Green bell peppers have a limited shelf
life, making them perishable products. Their postharvest quality is primarily affected by
several physiological factors, such as disease-related issues, moisture loss, and chilling
injury [3].

Bell peppers are primarily sorted by hand and evaluated by a production supervisor to
comply with the specified quality standards. This evaluation includes sensory techniques
or methods grounded in the physicochemical and biochemical alterations in green bell
peppers; consequently, the outcomes may be subjective, and the methods can be invasive [4].
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Moreover, before or during the sorting, the fruit can be affected by impact vibration,
compression, friction, and puncture forces, causing mechanical damage and a decline in
quality [5]. In some cases, detecting mechanical damage on the surface of bell peppers is
very difficult due to their small size, and their showing almost the same color as the surface
of the fruit. Therefore, differentiating bell peppers according to physical damage would be
paramount for preparing high-quality products for storage and packaging.

Nowadays, nondestructive techniques are gaining more attention because they can
obtain information related to damage in a short amount of time and do not compromise the
integrity of the fruits [6-8]. These nondestructive methods are highly effective and have
shown promising results when applied to fruit quality evaluation. Over the past few years,
researchers have been focusing on investigating quick and nondestructive methods for
detecting damage to fruits. One of these techniques is fluorescence imaging, developed
in recent years to characterize plant tissues, fruits, and vegetables [9]. Fluorescence imag-
ing is a cutting-edge technology that combines fluorescence spectroscopy with imaging
techniques. This technology can display spatial information regarding the distribution
of fluorescence signals and can be implemented in either hyperspectral or multispectral
modes. Excitation light sources, optical filters, cameras, and computer equipment are the
primary components that make up this system [6].

Examples of such fluorescence imaging systems include peel defect detection in
citrus [10,11] and assessment of the quality of persimmon calyxes [12]. After being excited
by a light beam, chlorophylls, the most abundant fluorophores in fruit tissues, produce
chlorophyll fluorescence in the 650 to 850 nm [13]. As a result, chlorophyll fluorescence
is a potential tool for identifying damage to fruits, given that damage to fruits is typically
accompanied by a change in the amount of chlorophyll present.

Numerous studies have shown that chlorophylls, carotenoids, and anthocyanins are
the three primary pigments responsible for vegetable and fruit color [14]. The concentration
of these substances varies across different parts of the fruit and may serve as a potential
probe for quality assessment [15]. Chlorophylls are among the primary pigments that have
been associated with green pepper. Higher plants typically have a ratio of approximately
3:1 between chlorophyll 2 and the minor components chlorophyll b. According to [16], both
types of chlorophyll exhibit typical fluorescence spectra when they are isolated pigments
in an organic solution. These spectra have a maximum peak emission in the red region
(690 nm) and a shoulder in the far-red region (730-740 nm).

Artificial intelligence-based modeling techniques have recently been extensively uti-
lized in nondestructive testing. New methods, such as machine vision technology, have
been used in various industrial processes across multiple fields to evaluate product quality.
Image processing and analysis procedures are applied to the images acquired to accomplish
this goal [17]. Techniques that include machine learning are utilized most frequently for
image analysis and recognition of crops [18]. The use of machine learning for grading is
based on knowledge of data mining and computational intelligence techniques. Classifica-
tion and clustering are the two methods of grading that are used everywhere. Clustering is
an unsupervised learning method, whereas classification is a supervised learning method.
During the classification method, the models acquire knowledge from a sizable data set
that has already been categorized, referred to as the training set. After that, the models that
have been developed are utilized to classify new items and data. Numerous classification
models have been developed, including logistic regression (LR) [19], random forest (RF),
artificial neural network (ANN) [20], support vector machine (SVM) [21], and k-nearest
neighbors (kNN) [22], which are extensively utilized in the nondestructive evaluation of
food materials.

Until now, there has been no literature about using fluorescence images to detect
damage in green bell peppers and applying machine learning algorithms to evaluate the
scale of mechanical damage. Thus, the first objective of this research was to identify in vitro
chlorophyll fluorescence components from the exocarp of both damaged and sound green
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bell peppers. Then, we classified and differentiated the damaged fruit from the sound ones
by applying different machine learning models.

2. Materials and Methods
2.1. Sample of Green Bell Peppers

Green bell peppers (Capsicum annuum L.) of the Kyohikari variety were obtained from
a farmer association in Miyazaki Prefecture, Japan. The peppers were harvested from
five different orchards on 16 January 2016, with approximately 120 fruits collected from
each location. The fruits were transported to the laboratory under cold storage at 7 °C on
the same day. The following day, after being stored in these conditions, 5 experts were
tasked to select only sound fruit without defects, followed by machine vision technology
to assess and finally select only 450 high-quality fruits with a uniform color, with around
90 fruits from each orchard. Details regarding the selection based on the color process are
described in the image acquisition system. The 450 green bell peppers were then divided
into two groups of 225 each. In one of the groups, a small incision measuring 5 x 5 mm was
made manually with a scalpel blade n°10 (Merck, Darmstadt, Germany), removing a thin
layer of the fruit’s skin. This cut is challenging to detect visually, as the affected area closely
resembles the undamaged part in color. Small cuts are difficult to detect because the color
and texture of the damaged part are very similar to those of the healthy surface. This makes
it challenging for standard image-based techniques to detect enough visual differences to
distinguish the cuts clearly. Standard images captured by digital cameras, which use the
visible red, green, and blue (RGB) spectrum, cannot capture the subtle changes that occur
at the chemical or physiological level, such as pigment variations (e.g., chlorophyll) in the
damaged areas. Mechanical damage may alter the internal structure of the tissue without
producing visible changes that are easily detectable by the human eye or RGB sensors.
These challenges explain why more advanced techniques, such as fluorescence imaging, are
necessary. Fluorescence imaging can detect invisible changes by highlighting fluorescent
signals generated by compounds like chlorophyll in the damaged areas. The selection of a
5 x 5 mm damage size for inspection in this study is motivated by its representativeness
and the inherent challenges of visually detecting small damages. Mechanical damages,
such as cuts and abrasions measuring 5 x 5 mm, frequently occur while handling and
transporting fruits and vegetables. Evaluating the effectiveness of the inspection system
on this scale of damage not only simulates real-world conditions but also assesses its
sensitivity in identifying imperfections that may be imperceptible to the naked eye or
standard inspection methods. On the other hand, smaller or subtler damage, like the
5 x 5 mm cuts in this study, might be more challenging to identify, which would test the
limits of the sensitivity of the detection system. The positions and shapes of the damage
during the sample production process are not always the same; this is to mimic real
mechanical damage, which can vary in shape, position, and size, and detection systems
must be flexible to handle these variations.

2.2. Image Acquisition System

An image acquisition setup was designed, as shown in Figure 1, featuring a DSLR
camera (Canon E.O.S. Kiss X2, Tokyo, Japan) equipped with an EF-S 18-55 mm, F3.5-5.6 IS
lens. The camera settings included an ISO of 100, a shutter speed of 1/13 s, an aperture
(F-number) of 4, and a focal length of 50 mm. A 58 mm wideband circular polarizing
(C-PL) filter was attached to the lens to reduce glare and reflections. The setup also utilized
four halogen lamps (12V50W, KLS, Miyagi-ken, Japan) fitted with near-infrared (NIR),
infrared (IR), and 62 mm wideband C-PL filters. Halogen lamps were selected due to their
broad-spectrum output, stability, and high color rendering index (CRI), providing superior
color accuracy compared to LED lights. NIR and IR filters (Edmund optics, York, UK)
were used to manage heat, and each lamp was equipped with cooling fans. Images were
captured with a light intensity of 8700 lux, a color temperature of 5000 K, and a resolution
of 4272 x 2417 pixels at 72 dpi.
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Figure 1. The appearance of white digital image (A), fluorescence image (B), pixel-based k-
mean clustering image (C), pixel-based scatter plot of hue® vs. saturation (D), and pixel-based
hue® vs. intensity (E). The damaged part was indicated with a black circle.

Images of green bell peppers were sorted according to their G channel values in the
RGB image, ranging from 65 to 76. For investigating the chlorophyll fluorescence response
in the damaged areas of the peppers, a UV light source (Philips, Osram PHILIPS Black
Light UV Lamp 8 W, Hamburg, Germany) emitting at an excitation wavelength of 365 nm
was employed. In the standard white light digital image (Figure 1A), the damaged regions
were not easily identifiable through color (B, G, R, L, a*, b*) or texture features, such
as contrast, dissimilarity, homogeneity, energy, correlation, and angular second moment
(ASM) obtained from the gray-level co-occurrence matrix (GLCM) (Table 1). However,
the fluorescence image (Figure 1B) displayed distinct characteristics with red chlorophyll
emission, which differentiated the damaged areas from the healthy tissue. A K-means
clustering algorithm was then applied to the pixels of the fluorescence image, resulting
in a clustered representation (Figure 1C). Additionally, the pixels representing sound
and damaged tissue were plotted according to Hue® versus saturation (Figure 1D) and
Hue® versus intensity (Figure 1E), illustrating the efficacy of fluorescence imaging in
distinguishing damaged tissue.

Table 1. Color and texture feature of green bell pepper (n = 60), the significance difference was
assessed by using one-way ANOVA p < 0.001.

Classes B G R L a* b* Con. Diss. Hom. Ene. Cor. A.SM.
Damaged 532 7122 382 67.52 10432 15942 412 112 062 022 1.0? 012
Sound 542 70.12 36472 65.82 105.22 157.82 432 122 062 022 1.02 012

Different lowercase letters indicate significant differences between damaged and sound fruit.

Thus, this study compares standard digital and fluorescence images for classifying
damaged and undamaged bell peppers using various machine learning algorithms, which
will be detailed further in the manuscript.
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2.3. Assessment of Fluorescence Excitation and Emission Matrix (EEM) of Fruit

The fluorescence spectra were obtained using a Jasco Spectrofluorometer (FP-8300,
Tokyo, Japan) from circle-shaped &1.5 cm intact pericarp sections (sound samples) and
pericarp sections with the exocarp removed (damaged samples). The representative of five
replicates was used for each sample type from 5 random green bell peppers. The device was
set with a response time of 10 ms and a scan speed of 5000 nm/min. Spectra were recorded
over a 200-750 nm wavelength, utilizing a 5 nm bandwidth for excitation and emission. The
excitation wavelengths were scanned at intervals of 10 nm, while emission wavelengths
were measured at 1 nm intervals. The raw excitation—emission matrix (EEM) data were
collected in arbitrary units (AU), allowing for a comparative analysis of the fluorescence
spectra between the intact and damaged regions. In this study, we didn’t quantify the
concentration of fluorescence compounds, allowing sufficient measurement using AU.
Therefore, for quantitative fluorescence measurement, Raman unit (RU) is advisable [23].
In this study, the correction factor for conversion was 0.021.

2.4. Machine Learning for Classification

The proposed system’s methodology involves using and comparing five machine
learning algorithms: LR, ANN, RF, kNN, and SVM [24]. These algorithms were employed
to detect and classify the freshness of green bell peppers based on their features throughout
storage. The machine learning algorithms were run under Orange Data Mining software
version 3.37.0 on the Python platform, utilizing an approach that focuses on the extraction
of image features from green paper at the pixel level.

As shown in Figure 2, the dataset, consisting of 900 images of green bell peppers, was
obtained from the fluorescence image acquisition system only due to unreliable accuracy of
below 0.4 by using white digital images. A data augmentation method using mirroring was
applied to increase the number of samples in the original dataset, improving the model’s
generalization capability and avoiding overfitting [25]. Each image was mirrored on the
vertical axis, obtaining 900 images as the total number of samples, including the original
images. We utilized a pixel-based approach for our analysis. Specifically, we collected
a total of 900 data points of fruits. These points were hand-selected or labeled, with
450 corresponding to pixels where incisions were made on the peppers (damage regions)
and 450 randomly selected from healthy peppers (non-damage regions). This balanced
selection aimed to ensure that our model was trained on both damaged and undamaged
pixels, allowing it to effectively learn the differences between these regions. To assess the
robustness of our model across different orchards, we employed a leave-one-population-out
cross-validation (LOPOCYV) approach. In this method, each orchard data is treated as an
independent ‘population’. Our dataset comprises 900 fruit samples, with equal samples
from each of the five orchards.

Sound fruits White digital
(@25 image Dat Logistic Regression (LR)
ata .
: z B p Machine Random Forest (RF)
Fruit Se]e(.jhgn 45 fruits per orchard Im.a-g? aug{nem_anon learning Artificial Neural Network (ANN)
(450 fruits) acquisition (gr:]\a:r[?‘l:negs) (LOPOCV) Support Ve::t(?r Machine (SVM)
00 Bruits wer orcliad Manually Fluorescence 8 - k-Nearest Neighbors (kNN)
F damaged fruits v 180 fruits per orchard training with 720
image (90 sound fruits and images from four
(225) 90 manually damaged orchards and tests

with 180 images from

fruits per orchard) o e
ifth orchar

45 fruits per orchard

Figure 2. Flowchart of the classification model of sound and damaged green bell pepper using
machine learning algorithms.

For each fold in the LOPOCYV process, the model is trained on the data from four
orchards (720 samples) and tested on the fifth orchard (180 samples) left out of the training
process. This cycle is repeated five times, with each orchard serving once as the test set,
ensuring that every population is systematically used for both training and testing.

This approach allows us to evaluate how well the model trained on the data from
certain orchards performs on an unseen orchard. By cycling through each population as the
test set, LOPOCYV provides insight into the model’s robustness and its ability to generalize
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across different growing conditions, fruit characteristics, or orchard management practices
that may vary from one orchard to another.

LOPOCYV strengthens the validation of our model, helping to ensure that it is not
overly reliant on specific population characteristics and has greater potential for application
across diverse orchards. The overall procedure is depicted in Figure 2.

2.4.1. Logistic Regression (LR)

LR is a mathematical technique that models the relationship between a categorical
dependent variable and one or more independent variables. It is most often applied in
binary classification scenarios [19]. Due to its simplicity, ease of interpretation, and ef-
fectiveness in handling binary outcome predictions, this model is commonly used. For
LR, we focused on regularization strength by adjusting the C parameter (inverse of reg-
ularization strength) over a logarithmic scale. After testing a range from 0.01 to 10, we
found that C = 1.0 with an L2 penalty provided the best performance, effectively balancing
regularization and accuracy.

2.4.2. Random Forest (RF)

As explained by [20], RF is a versatile and powerful ensemble learning method fre-
quently applied to classification and regression problems in machine learning. It works by
creating multiple decision trees during the training process and combining their results by
using the mode for classification tasks or the average prediction for regression tasks [24]. In
the RF model, we used max_features = sqrt(IN), where N is the total number of features in
the dataset. Specifically, sqrt selects the square root of the number of input features as the
maximum number of features considered for each split within the forest. This parameter
optimizes performance by balancing tree diversity and model interpretability. We tested
the number of trees (n_estimators) between 50 and 300 and the maximum tree depth from
5 to 20 to avoid overfitting. The best performing model used 200 trees with a maximum
depth of 15. We also examined the minimum samples required to split a node (1 to 5)
and minimum samples per leaf (1 to 5). We found that minimum samples split = 2 and
minimum samples leaf = 1 yielded the optimal results. The max features parameter was set
to “sqrt”, which improved model stability and interpretability.

2.4.3. Artificial Neural Network (ANN)

ANNSs are machine learning models inspired by the structure and function of bio-
logical neural networks found in animal brains [20]. These networks are composed of
interconnected neurons or units arranged into layers: an input layer, one or more hidden
layers, and an output layer. Each neuron in a layer receives input from the neurons of the
previous layer, processes this information using an activation function, and passes the result
to neurons in the next layer. For the ANN, we varied the number of hidden layers between
1 and 3, with neurons per layer ranging from 16 to 128. The best configuration included
two hidden layers, with 64 neurons in the first layer and 32 in the second layer, providing
an effective balance of complexity and generalization. The learning rate was set to 0.001,
and we selected ReLU as the activation function for the hidden layers, with softmax for
the output layer. The Adam optimizer was chosen for its efficient convergence. For the
ANN model, we utilized 50 epochs and a batch size of 32 during training. These values
balance training time and model accuracy, ensuring effective learning without excessive
computation or overfitting.

2.4.4. Support Vector Machine (SVM)

SVM is a highly effective supervised learning algorithm for classification and regres-
sion tasks [25]. SVM operates by finding the optimal hyperplane that best separates the
data into different classes to maximize the margin between the hyperplane and the nearest
data points from each class, referred to as support vectors. This robustness makes it popular
in image classification. In the SVM model, we tested the regularization parameter (C) over
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a range from 0.1 to 10 and gamma values from 0.001 to 1. The optimal settings were
found with C = 1.0 and gamma = 0.01 using the RBF kernel, which provided the best
classification accuracy by maximizing the margin. The regularization parameter C for SVM
was determined using a linear search with a step size of 0.1, iterating over a range from
0.1 to 10. This method allowed for a thorough search across potential values, optimizing
the classification performance.

2.4.5. k-Nearest Neighbors (kNN)

The kNN algorithm is a straightforward, yet powerful, supervised learning technique
for classification and regression tasks [22]. In classification, the algorithm assigns the class of
the query point based on a majority vote among its k closest neighbors. The simplicity and
ease of implementation of kNN made it an intuitive model. For kNN, we varied k (number
of neighbors) from 3 to 15 and tested both Euclidean and Manhattan distance metrics. The
optimal configuration was found with k = 7 using Euclidean distance, balancing simplicity
and accuracy.

3. Results and Discussion
3.1. Fluorescence EEM of Sound and Damaged Skin

Fluorescence EEM revealed significant differences between sound and damaged green
bell peppers, as illustrated in Figure 3. The analysis identified three areas of interest in the
EEM, with two primary peaks observed at Ex/Em 380/689 nm and Ex/Em 280/310 nm.
The third area was attributed to scattering and considered noise, showing no discernible
differences between the studied samples. The two prominent EEM peaks exhibited signifi-
cant intensity variations between sound and damaged samples, especially Ex/Em 380/689
depicted in Figure 4, providing valuable insights into the condition of the green bell pepper.
These peaks are associated with fluorescent substances, indicating that damage to the
fruit triggers an increase in the concentration of these substances. The most abundant
fluorophores in fruit and vegetables are amino acids, nucleic acids, chlorophylls, and
polyphenols [26]. According to [27], the peak at Ex/Em 380/689 nm may be associated
with chlorophylls and the peak at Ex/Em 280/310 nm with flavonoids.

—3000
3000 A B — 3000

2500
[—2500

I— 2000
[— 2000

—15001Int

¥ 15001t

1000
—1000

500

iz

Ex Wavelength [nm] 500

Em Wavelength [nm]

750 Lo

Figure 3. Excitation and emission matrix of sound (A) and damaged (B) green bell pepper. Scale bar
from 0 to 3000 corresponding to fluorescence intensity is expressed in arbitrary units, AU.

Abiotic stresses have been shown to stimulate the production of various phytochem-
icals in plants. Ref. [28] demonstrated that even low doses of UV radiation can induce
invisible damage to plant tissues, triggering a metabolic response that leads to increased
synthesis of carotenoids and phenolic compounds.

Similarly, mechanical wounding has been found to activate the phenylpropanoid path-
way, primarily through the upregulation of phenylalanine ammonia-lyase (PAL) enzyme
activity [29]. PAL is a critical enzyme in the biosynthesis of phenolic compounds, and its
increased activity results in the accumulation of various phenolics as part of the plant’s
wound healing and defense response [30]. This wound-induced phenolic production has
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been observed in numerous fruits and vegetables, including carrots, potatoes, and lettuce,
demonstrating the widespread nature of this phenomenon in plant tissues [31].

2800 -

2100 -

1400

700

Fluorescence Intensity (AU)

Sound Damage

Figure 4. Bar plot showing the mean fluorescence intensity (arbitrary units, AU) at Ex/Em 380/
689 nm for sound and damaged green bell pepper samples. Error bars represent the standard devia-
tion (SD) of fluorescence intensity measurements, with n = 5 biological replicates per sample type.

3.2. Machine Learning Models in Classification

The classification performance of machine learning algorithms in distinguishing be-
tween damaged and sound green bell peppers using white digital images was unreliable,
with an overall accuracy of less than 0.4 during both the calibration and prediction phases.
Consequently, this approach will not be further discussed in this study. In contrast, flu-
orescence imaging combined with machine learning markedly improved in accurately
classifying the peppers into two categories: damaged and sound. Table 2 summarizes
five different algorithms’ overall performance in classifying green bell peppers’ freshness
during the calibration phase.

Table 2. The overall accuracy during the calibration phase across the machine learning models for
classifying green bell peppers into two categories (damaged and sound).

Model AuC! CA? F13 Prec*  Recall®> MCC®
Logistic regression 091 0.87 0.87 0.88 0.87 0.83
Artificial neural network 0.92 0.88 0.88 0.88 0.88 0.83
Random forest 0.88 0.87 0.87 0.87 0.87 0.81
k-nearest neighbors 0.88 0.86 0.86 0.86 0.86 0.80
Support vector machine 0.88 0.87 0.87 0.87 0.87 0.81

I Area under the ROC (receiver operating characteristic) curve (AUC), 2 classification accuracy (CA), 3 the measure
of the harmonic means of precision and recall (F1), 4 precision (Prec), 5 the times the model correctly identifies
positive instances (Recall), ® Matthews correlation coefficient (MCC).

For assessing the effectiveness of each model, various performance metrics were
employed, including the area under the receiver operating characteristic curve (AUC),
classification accuracy (CA), the F1 score (the harmonic mean of precision and recall),
precision (Prec), recall (the proportion of correctly identified positive instances), and the
Matthews correlation coefficient (MCC). As shown in the tables, all algorithms achieved
a high overall CA exceeding 0.86, successfully differentiating between damaged and
sound peppers.

For prediction evaluation, the performance of each model was analyzed to determine
how well they predicted the quality of green bell peppers, categorized into two groups:
damaged and sound. The overall performance metrics for each model are detailed in
Table 3. LR, ANN, SVM, and RF achieved reliable calibration accuracy (CA = ~0.91). In
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contrast, the kNN model showed a slightly lower accuracy of 0.9. The confusion matrices
for these models are provided in Table 4.

Table 3. The overall accuracy in prediction across the machine learning models for classifying green
bell peppers into the categories of damaged and sound.

Model AucC! CA? F13 Prec? Recall ° MCC ¢
Logistic regression 0.95 0.91 0.91 0.92 0.91 0.86
Artificial neural network 0.96 0.92 0.92 0.92 0.92 0.86
Random forest 0.92 0.91 0.91 0.91 0.91 0.84
k-nearest neighbors 0.92 0.90 0.90 0.90 0.90 0.83
Support vector machine 0.92 091 091 0.91 0.91 0.84

1 Area under the ROC (receiver operating characteristic) curve (AUC), 2 classification accuracy (CA), 3 the measure
of the harmonic means of precision and recall (F1), 4 precision (Prec), ® the times the model correctly identifies
positive instances (Recall), ® Matthews correlation coefficient (MCC).

Table 4. The confusion matrix in prediction across the machine learning models to classify damaged
and sound green bell peppers.

Logistic Regression Predicted Damaged Predicted Sound Total Actual Accuracy (%)
Actual damaged TP =82 FN=8 90 91.11
Actual sound FP =38 TN =82 90 91.11
Total predicted 90 90 180 91
Artificial Neural Network  Predicted Damaged Predicted Sound Total Actual Accuracy (%)
Actual damaged TP =83 FN=7 90 92.22
Actual sound FP=7 TN =83 90 92.22
Total predicted 90 90 180 92
Random Forest Predicted Damaged Predicted Sound Total Actual Accuracy (%)
Actual damaged TP =82 FN =38 90 91.11
Actual sound FP =8 TN =82 90 91.11
Total predicted 90 90 180 91
k-Nearest Neighbors Predicted Damaged Predicted Sound Total Actual Accuracy (%)
Actual damaged TP =81 FN=9 90 90
Actual sound FP=9 TN =81 90 90
Total predicted 90 90 180 90
Support Vector Machine  Predicted Damaged Predicted Sound  Total Actual Accuracy (%)
Actual damaged TP =82 FN=8 90 91.11
Actual sound FP=8 TN =82 90 91.11
Total predicted 90 90 180 91

Compared to other studies on the classification of green bell peppers [32], the RF
algorithm outperformed LR when classifying bell peppers using RGB images. LR has also
been shown to be an effective mathematical tool for estimating marketability probabilities
related to the quality deterioration of various pepper cultivars [33]. Additionally, a study
by [34] reported that the combination of RGB imaging and ANN achieved perfect accuracy
in determining the maturity of bell peppers. Ropelewska et al. [35] highlighted that the RF
model exhibited outstanding performance, attaining an average discrimination accuracy
of 99% for red bell peppers. Moreover, applying the RF algorithm has further enhanced
classification accuracy for bell peppers [32].

Studies of other fruits [36] demonstrated that LR is a dependable approach for eval-
uating the marketability of tomatoes based on their microbial and chemical attributes
across various agricultural practices. Earlier research has effectively utilized LR to examine
the factors contributing to fruit disintegration in pears [37] and to analyze the influence
of temperature on avocados’ shelf life and quality [38]. Furthermore, LR models have
been successfully applied to assess bruise formation in different tomato cultivars and to
investigate how storage temperature affects the quality of produce [39].
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ANN models have demonstrated significant potential in improving and assessing the
quality of loquat fruit [40]. By utilizing color features, ANNs have been able to accurately
estimate quality indices and accurately predict the freshness of bananas [41]. Bhargava and
Bansal [42] found that their initial training dataset correctly classified 94.65% and 96.23% of
images for golden delicious apples. However, in contrast to our results, SVM outperformed
the kNN model in fruit classification, with SVM achieving an accuracy of 98.49% and kNN
reaching 98.50% for plums [43]. Additionally, in a study evaluating the sensory quality of
oranges as a measure of freshness, LR provided the most accurate predictions compared to
kNN, SVM, and ANN models [26].

The models used in this study successfully differentiated between damaged and sound
green peppers using fluorescence images. The adoption of digital cameras for evaluating
agricultural products has gained traction due to their affordability and portability, especially
compared to NIR spectrometers and other optical systems such as hyperspectral cameras.
This research indicates that a digital camera can be an effective, non-invasive, rapid, and
cost-efficient tool for evaluating the marketability and quality of green bell peppers. The
results emphasize the potential of using fluorescence techniques in digital cameras for
fruit quality prediction, showcasing how computer vision techniques and sophisticated
learning models can automatically extract crucial information from images. This approach
minimizes the necessity for manual intervention and improves accuracy.

This study has shown that fluorescence imaging combined with machine learning
algorithms can successfully classify mechanical damage in green bell peppers. However,
certain areas warrant further exploration and refinement to improve the methodology’s
robustness and adaptability. Future research could focus on expanding the scope of this
technique to various agricultural products beyond green bell peppers. Different fruits
and vegetables may present unique fluorescence characteristics, which could challenge
and further validate the model’s generalization capabilities. Additionally, the use of many
other imaging methods, such as hyperspectral or multispectral imaging in tandem with
fluorescence imaging, could enhance the detection of subtle, non-visible surface damage,
potentially leading to higher classification accuracy. Testing alternative machine learning
techniques, such as deep learning architectures or ensemble methods that incorporate
additional environmental and contextual data (e.g., lighting variations in different growth
stages), may further improve model robustness. Lastly, the 5 x 5 mm damage size may
not represent all real-world damage types and severities, suggesting that the model’s
applicability could be limited in certain practical settings.

4. Conclusions

In this study, we showcased the effectiveness of machine learning algorithms in distin-
guishing between damaged and sound green bell peppers. The classification models based
on logistic regression, k-nearest neighbors, random forest, and support vector machine
reached an accuracy of >86% in calibration. They improved the performance in prediction,
reaching an accuracy of >90%. These machine learning models serve as valuable tools for
classification tasks within the agricultural industry. However, it is crucial to acknowledge
that this research is grounded in a single harvest population from five different orchards;
incorporating data from multiple harvests in different years will strengthen the model’s
robustness and generalizability.
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