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Abstract. The development of automatic systems for agricultural applications, particularly for seed classification,
is a task of paramount importance to the agro-industrial sector. Accurate recognition of seed varieties supports va-
rietal purity and scalable processing. As one of the world’s most significant crops, dry beans underscore the essen-
tial need for precise seed classification to safeguard crop quality and enhance agricultural productivity. Traditional
methods for dry bean seed classification involve manual and semiautomated approaches, that are inadequate for
scale processing, suffering from slow throughput and reliance on human interpretation. In this work, we proposed
a pipeline that is centered on Weighted K-Nearest Neighbors (WKNN) for classifying seven dry-bean varieties.
Firstly, we remove outliers per class and features via the IQR rule, rebalance classes, and standardize features with
Z-score normalization. The results of this methodology show an improvement in the accuracy, precision, recall,
and F1-score metrics for the classification of 7 different dry bean seeds in comparison with other classical machine
learning and state-of-the-art approaches.
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1. INTRODUCTION

The classification of seeds is a critical challenge in agriculture. Errors in seed selection
can reduce crop purity and compromise productivity [1]. In particular, the quality and yield
of crops are strongly influenced by the precise classification of the seeds, making accurate
identification of seeds varieties essential for maximizing agricultural output [2]. Traditionally,
this task has relied on manual visual inspection, a process frequently reported as error-prone,
highly subjective, and inefficient for large-scale processing contexts [3, 4]. Among the world’s
most important crops requiring precise seed classification are common beans, which exemplify
the critical need for accurate identification to ensure crop quality and productivity.

Beans (Phaseolus vulgaris L.) are an essential source of proteins, vitamins, and minerals for
millions of people worldwide, particularly in developing regions [5, 6, 7]. Moreover, due to
their nutritional importance and nitrogen-fixing capability, beans play a key role in sustainable
agricultural systems. In addition, they contribute significantly to crop rotations that improve
soil fertility [8]. However, the classification of beans is not limited to distinguishing viable
from non-viable seeds; it also involves differentiating between species and varieties. Precise
identification is crucial to maintain varietal purity, support breeding programs, and ensure con-
sistent crop performance.

Traditional seed classification has relied on simple morphological traits such as shape and
surface texture, often assessed through manual or visual inspection. For example, Nelson and
Wang [9] proposed a manual system for classifying soybean seeds, using a caliper to measure
basic ratios of height, length, and thickness. Their method helped describe differences be-
tween the varieties for manual inspection. Subsequently, with the introduction of technological
tools, more detailed analyses became possible. In wildflowers of the genus Collomia, Hsiao
and Chuang [10] used microscopes to study the patterns on seed surfaces. They classified the
seeds into two main types based on overall texture and surface features. However, they found
that surface patterns alone were insufficient for reliable species identification and concluded
that combining them with other traits, such as flower morphology, was necessary. Moreover,
beyond classification for species discrimination, seed classification can also be applied to assess

seed quality. For instance, Hill et al.[11] used a density separation method to classify hydrated
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seeds of lettuce, tomato, and onion, demonstrating that removing low-density samples improved
germination rates. Despite these advancements, manual and semi-automated approaches are in-
adequate for industrial-scale processing, suffering from slow throughput and reliance on human
interpretation.

Automated seed classification has become an active area of research, with recent studies
focusing on methods that apply intelligence, such as machine learning techniques and image
processing, to improve accuracy and efficiency. These approaches have achieved substantial
advances in performance, demonstrating significant improvements over traditional techniques
[12, 13]. Early work highlighted the potential of morphological features in a neural network-
based classification of cereal grains. Majumdar and Jayas [14] found that incorporating mea-
surements such as length, width, area, perimeter, aspect ratio, roundness, and compactness
allowed these models to accurately distinguish between wheat, barley, oats, and rye. Later,
Paliwal et al. [15] expanded the feature sets for these cereals by incorporating a larger number
of morphological, color, and texture descriptors, and explored different feature subsets to eval-
uate their impact on classification performance and training time. Further evidence supports
the effectiveness of morphological features combined with machine learning models for grain
classification. Hussain and Ajaz [16] further confirmed the value of morphological features by
using them to classify three wheat varieties Kama, Rosa, and Canadian, finding that the multi-
layer perceptron (MLP) achieved the best performance. These findings underscore that detailed
morphological characteristics extracted through image processing pipelines are prominent for
developing robust, objective, and efficient automated systems suitable for industrial-scale seed
processing. Regarding dry bean seed classification, recent studies have explored combinations
of morphological features with advanced classifiers to enhance performance. Among the most
relevant contributions in bean classification, Koklu and Ozkan [17] proposed a system com-
bining RGB images and morphological features. They tested different types of classifiers and
found that the support vector machine (SVM) achieved the best performance metrics. Subse-
quently, Macudcua et al. [18] incorporated preprocessing techniques such as principal compo-

nent analysis (PCA), hyperparameter optimization, SMOTE-based class balancing, and outlier
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removal. In their study, k-nearest neighbors (KNN) achieved the highest accuracy. Their ap-
proach surpassed the results obtained by Koklu and Ozkan. This highlights the importance of
advanced data preparation steps for dry bean seed classification. Advanced oversampling and
ensemble methods have also been applied. Khan et al. [19] introduced the use of ADASYN
oversampling combined with extreme gradient boosting (XGB), demonstrating that sophisti-
cated boosting algorithms can effectively handle class imbalance in morphological seed data.
Nayak et al. [20] focused on SMOTE-boosted XGB, which provided further improvements in
accuracy, underscoring the benefits of ensemble models integrated with data balancing methods.
Koeshardianto et al. [21] reported competitive results using random oversampling with Random
Forest and randomized search hyperparameter tuning. Recently, Lee et al. [22] proposed an in-
novative approach combining BLSMOTE, K-means clustering, and SVM. Their methodology
demonstrates that integrating clustering methods with advanced oversampling strategies can sig-
nificantly boost classification performance in highly imbalanced datasets. However, questions
remain regarding the individual contribution of each morphological feature to classification per-
formance. There are also uncertainties about the potential effects of variable reduction. In some
scenarios, dimensionality reduction can simplify models or enhance interpretability. Never-
theless, it may also compromise the discriminative ability of classifiers by discarding relevant
information [23]. In this paper, we propose an alternative approach for the automatic classifi-
cation of seven varieties of dry bean seeds, integrating rigorous preprocessing techniques with
a set of classical machine learning models. The analysis highlighted the simplicity and effec-
tiveness of distance-based methods, with Weighted K-Nearest Neighbors (WKNN) consistently
achieving the best results despite its lower computational complexity. The experimental design
not only compared this model under standardized validation schemes but also benchmarked
them against recent state-of-the-art contributions, showing that the proposed pipeline surpassed
previously reported metrics. The remainder of this manuscript is organized as follows. Sec-
tion 2 presents the materials and methods, including the dataset and the preprocessing pipeline.
Section 3 reports the results and discussion, covering the experimental design, the evaluation of
different machine learning classifiers, and the benchmarking against state-of-the-art approaches.

Finally, Section 4 summarizes the conclusions of the work.
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2. MATERIALS AND METHODS

This section describes the proposed methodology for classifying Dry Bean Seeds in 7 dif-
ferent classes. An overall description of the development of this methodology is presented
in Fig. 1. This figure outlines the complete processing pipeline, which begins with the raw
dataset and incorporates several key preprocessing stages. Initially, outliers were identified
and removed using the Interquartile Range (IQR) method applied independently to each fea-
ture within each class. This filtering step ensures that extreme values do not distort the feature
space or bias the training process. To address the evident class imbalance in the dataset, the
Synthetic Minority Over-sampling Technique (SMOTE) was employed. This method gener-
ated synthetic instances for underrepresented classes, aligning all class sizes with that of the
majority class. Following balancing, Z-score normalization was applied to all features to en-
sure consistent scaling across dimensions, which is critical for distance-based algorithms. For
the classification stage, WKNN was selected due to its balance between simplicity and perfor-
mance. This distance-based method extends the classical KNN by assigning higher influence to
closer neighbors, which enhances classification accuracy while maintaining low computational
cost.

To ensure a rigorous evaluation, two independent experiments were conducted. The first ex-
periment focused on comparing the proposed methodology with other machine learning models
under a unified preprocessing configuration, using both 10-fold cross-validation and an 80/20
hold-out strategy. In the second experiment, the proposed approach was compared with state-

of-the-art published results.
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FIGURE 1. Overview of the classification pipeline, including preprocessing,

model training, validation, and performance comparison.

2.1. Data Set description and Preprocessing

The following sections describe the dataset and preprocessing steps in greater detail, as they
form the basis for all subsequent modeling and evaluation procedures. In this study, the Dry
Bean Dataset, introduced in [17] was used. This dataset comprises 13,611 instances corre-
sponding to 7 distinct dry bean seed varieties: Seker, Barbunya, Bombay, Cali, Horoz, Sira,
and Dermason. Each instance is described by 16 morphological attributes extracted from dig-
ital images through computer vision techniques. These features include measurements such
as area, perimeter, eccentricity, compactness, Major Axis Length, Minor Axis Length, Aspect
Ratio, among others. All 16 morphological variables were preserved throughout the process to
maintain the full descriptive power of the data. No dimensionality reduction or variable selec-
tion techniques were applied, in order to avoid discarding potentially informative features. The
following subsections analyze the contribution of each preprocessing stage in the classification
workflow. The analysis is focused on how specific operations namely, outlier filtering, class

balancing, and feature normalization, influenced the performance of classifiers.
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2.1.1. Outlier detection and removal

Outliers in structured datasets can significantly degrade the performance of machine learning
classifiers by distorting the feature space, inflating variance, and skewing class distributions.
Their detection and removal are thus critical preprocessing steps, particularly in domains such
as agriculture and biosystems engineering, where data often exhibit heterogeneity and imbal-
ance [24, 25].

To address this issue, the Interquartile Range (IQR) method was selected due to its simplicity,
robustness, and wide acceptance in identifying extreme values without assuming any specific
data distribution. Mathematically, the IQR for a given feature X is defined in Eq. (1) as the

difference between the third and first quartiles [26].

(1) IQR = Q03— 0y,

An instance x; € X is considered an outlier if it lies outside the bounds established in Eq. (2).
(2) xi<Q1—15-IQR or x;>Q3+1.5-IQR.

This filtering technique provides a simple yet effective means of detecting and removing
extreme values, allowing for improved data quality and greater consistency across features and
classes in subsequent modeling tasks.

In this study, the IQR method was employed to identify and remove extreme values from
continuous features. Following established practices in the literature, the procedure was ap-
plied independently to each numerical attribute within each class. This dual-level filtering—by
feature and by class—preserves the internal structure of each category while enabling context-
aware outlier elimination. As a result, 1,617 instances were removed, reducing the dataset from
13,611 to 11,994 samples.

As shown in Table 1, the classes with the highest number of removed instances were Derma-
son, Horoz, and Seker, which also correspond to the most represented varieties in the original
dataset. Interestingly, a non-negligible proportion of outliers was also found in the minority
classes Bombay and Barbunya, which could have further impacted class imbalance if not cor-

rected.
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TABLE 1. Outlier removal by class.

Class Before After Removed
Barbunya 1322 1159 163
Bombay 522 464 58
Cali 1630 1470 160
Dermason 3546 3147 399
Horoz 1928 1623 305
Seker 2027 1730 297
Sira 2636 2351 285
Total 13,611 11,994 1,617

2.1.2. Class balancing

Class imbalance is common in supervised learning. It becomes more critical in multiclass
classification tasks. When one or more categories are underrepresented, models tend to focus on
the dominant classes. As a result, predictions for minority groups are often poor [27, 28]. This
imbalance can distort decision boundaries. It may reduce the model’s sensitivity and make the
output less reliable [29]. To reduce these effects, SMOTE (Synthetic Minority Over-sampling
Technique) is often used. It does not duplicate existing data. Instead, it creates new synthetic
instances by interpolating between a sample and its k-nearest neighbors [30]. This process is

described in Eq. (3).
(3) Xnew:Xi‘f‘l'(ann_Xi), A € [071]7

where X; is an existing minority class sample, Xyn, is one of its k nearest neighbors, and A is a
random number controlling the position of the synthetic instance between the two points [27].
Overall, this type of oversampling technique remains a fundamental approach for mitigating
class imbalance. By enriching the minority class distribution without introducing data redun-
dancy, it helps ensure that learning algorithms are trained on more balanced and representative
datasets. To counter this, the SMOTE algorithm was applied to increase the number of samples

in the minority classes. After removing anomalous points, synthetic samples were added for
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the less represented categories. Each class was expanded to include 3,147 samples, matching
the count of the most abundant class. As a result, the final dataset included 22,029 entries,
equally distributed across all groups.This balancing step contributed to more reliable model
performance, particularly in metrics that are sensitive to class prevalence. The resulting class
distribution is shown in Fig. 2. As we can see in this figure, the Dry Bean dataset presented a
clear imbalance in class representation. In particular, varieties such as Bombay and Barbunya

appeared in much lower quantities compared to Dermason, the most frequent class.
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FIGURE 2. Sample distribution per class after applying SMOTE.

2.1.3. Feature normalization

Feature normalization is a fundamental preprocessing step in machine learning, particularly
in classification tasks where input variables vary significantly in scale. Without proper nor-
malization, features with larger numerical ranges can dominate the learning process, resulting
in biased training and suboptimal model performance [31, 32]. To address this issue, Z-score
normalization is commonly employed. This technique transforms each feature to have a mean

of zero and a standard deviation of one, using the formula by Eq. (4).
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(4) Xnew = - _
c

where u and ¢ represent the mean and standard deviation of the original feature, respectively.
This transformation ensures that all variables contribute equally during model training, particu-
larly in algorithms sensitive to distance metrics or gradient magnitudes, such as WKNN, SVM,
and neural networks [31, 19]. In this study, Z-score normalization was applied to all continuous
variables after the balancing step. This was necessary because the dataset contains features with

diverse value ranges, and normalization ensures that all variables contribute equally during the

learning process, improving model stability and performance.

2.2. Training and validation

Consistent and unbiased evaluation of classification models often relies on validation schemes
that assess generalization performance on unseen data. Among the most widely adopted ap-
proaches are the Hold-Out method (HO) and k-Fold Cross-Validation (CV), which partition
the dataset into training and testing subsets to estimate predictive accuracy. These strategies
have demonstrated effectiveness across a variety of domains, including medical imaging, fault
diagnosis, and imbalanced classification tasks [33, 34, 35].

In the Hold-Out approach (HO), the dataset is randomly partitioned into two disjoint subsets,
typically allocating 80% for training and 20% for testing. This method is computationally effi-
cient and well-suited for large-scale datasets or preliminary evaluations. However, its sensitivity
to the specific data split may lead to high variance in performance estimates [34].

In contrast, k-Fold Cross-Validation (CV) divides the dataset into k parts of equal size, com-
monly with k = 10. At each iteration, one partition is held out for evaluation while the remaining
k — 1 subsets are used to train the model. The average performance across all folds provides
a more stable and less biased estimate of generalization [33]. This strategy is especially ad-
vantageous when dealing with small sample sizes or heterogeneous feature distributions, as it
maximizes data utilization and reduces the variance of performance estimates [35].

During the experiments performed in this work, these two evaluation strategies were imple-

mented to ensure consistent model assessment: a standard hold-out split (80/20) and 10-fold
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cross-validation. Given the multiclass structure and the original class imbalance present in the

dataset, the evaluation prioritized macro averaged metrics and class wise precision.

2.3. Weighted K-Nearest Neighbors (WKNN)

The WKNN algorithm improves upon the standard KNN by giving greater influence to closer
neighbors. This weighting is based on distance, allowing the model to better reflect the local
structure of the data [36, 37]. It is particularly useful when the data contains irregular distribu-
tions or complex class boundaries. In general, this algorithm tends to perform well when class
distributions are unbalanced or when some categories share similar features. In such cases,
combining distance with contextual information can improve predictive accuracy [38].

One of the main motivations behind WKNN is to overcome the equal-contribution limitation
of traditional KNN. To address this, several weighting schemes have been proposed, including
inverse distance, squared inverse distance, and exponential decay [39, 40]. In this work, Eq. 5
was applied.

1
) Wj= d}?’
where d; is the distance to the j-th neighbor, and € is a small constant added to prevent numer-
ical instability.

As previously mentioned, for this study, two validation schemes were used: 10-fold cross-
validation and an 80/20 hold-out split. Addionally, Manhattan distance was selected due to
its robustness in high-dimensional spaces. The same weighting function was applied in both
settings.

To find the optimal number of neighbors, a search was conducted with k values from 1 to
15. As shown in Figure 3, the model reached its highest performance with k = 4, achieving
97.65% accuracy in cross-validation and 98.07% in the hold-out evaluation. This classifier was

implemented in MATLAB R2024a, ensuring full integration with the proposed preprocessing

pipeline.
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FIGURE 3. Accuracy comparison for k =1 to 15 using WKNN (Manhattan distance).

2.4. Evaluation metrics

Assessing a classifier’s performance requires more than a single metric. Different mea-
sures highlight how the model handles imbalanced data, shifting distributions, and error types.
Among the most widely used are accuracy, precision, recall, and F1-score, which provide in-
sight into the model’s ability to correctly identify each class. Table 2 provides definitions for
these metrics.

In multiclass problems, relying solely on standard metrics can be misleading especially when
class frequencies vary [41]. To account for this, macro-averaging was adopted in this study.
Macro-averaging evaluates each class separately and then takes the average across all classes.
This approach prevents majority classes from dominating the results and ensures that every
category contributes equally, regardless of how often it appears in the data. It is especially
useful when underrepresented classes carry meaningful information.

Table 3 reports the macro-averaged metrics utilized in this work, enabling a more balanced
comparison across all target categories [41, 42, 43]. In all formulas, the following symbols are
used: TP (True Positives), TN (True Negatives), F'P (False Positives), and FN (False Nega-
tives). For macro-averaged metrics, K denotes the total number of classes, and the subscript i
refers to the values corresponding to class i. The terms p; and r; denote the precision and recall

for class i, respectively.
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Binary classification metrics and their interpretation.

Measure Formula Evaluation focus
__TP+TN L
Accuracy TPTFPATNTEN Overall correct predictions
FP+FN : . .
Error Rate TPTFPATNTEN Overall misclassification rate
TP e e ‘s
Recall (r) TPLEN Sensitivity; true positive rate
cp TN .
Specificity TNLEP True negative rate
.. TP o . .
Precision (p) TPLFP Positive predictive value
F1-Score —ii: Harmonic mean of precision and recall
TABLE 3. Macro-averaged metrics for multi-class classification.
Measure Formula Evaluation focus
Macro Accurac Z TRATN; Mean correct classification across classes
y K &i=1 TBATN+FP1FN,

Macro Error Rate

Macro Precision

Macro Recall

Macro F1-Score

FPAFN;
LK

i=1 TP+TN+FP+FN<

KZl 1 TP+FP

KZl 1 TP+FN

_ZK 2-pi-ri
l lpl+rl

Mean misclassification across classes
Mean precision per class
Mean recall per class

Mean F1-Score per class

3. RESULTS

Two complementary experiments were rigorously designed to evaluate the proposed classifi-

cation pipeline. All models were trained and tested under the same preprocessing sequence—class-

wise outlier removal, Z-score normalization, and class balancing via SMOTE. Robustness was

assessed with two validation schemes:

10-fold cross-validation and an 80/20 hold-out split.

The first experiment compares a set of classical machine learning supervised classifiers under

both schemes, with particular attention to the WKNN, adopted as the primary classifier in this

study. The second experiment benchmarks the proposed approach against recent state-of-the-art

approaches reported in the literature.
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3.1. Evaluation of Classical Classifiers

This experiment evaluated five supervised classifiers: K-Nearest Neighbors (KNN), Weighted
K-Nearest Neighbors (WKNN), Multilayer Perceptron (MLP), Extreme Gradient Boosting (XG-
Boost), and Support Vector Machine (SVM). Table 4 summarizes their global performance
metrics under both hold-out and cross-validation schemes. As it can be seen in this table,
the distance-based approaches achieved the highest overall performance, with both KNN and
WKNN showing strong results. The MLP classifier yielded stable results across both vali-
dation strategies, with 96.96% accuracy in the hold-out evaluation and 96.66% under cross-
validation. To determine optimal configurations, both one and two hidden-layer architectures
were tested. The best setups were two hidden-layers with 128 and 64 neurons, respectively for
cross-validation, and 16 and 8 neurons, for the hold-out evaluation. Training used a learning rate
of 0.3, 1000 epochs, cross-entropy loss, and early stopping criteria. XGBoost achieved 97.89%
accuracy in the hold-out setting and 97.48% under cross-validation. The best configuration
was identified through grid search, with a learning rate of 0.2, tree depth of 8, and 200 esti-
mators. The model employed the multi:softmax objective to support multiclass classification.
By contrast, SVM obtained the lowest accuracy scores among the tested methods—96.75% in
the hold-out evaluation and 96.64% in cross-validation. This model was evaluated with default
parameters.

From this table, we can highlight that the best-performing model was the WKNN reaching
a 98.07% of accuracy in the hold-out setting and 97.65% in cross-validation. These results
confirm the effectiveness of instance-based methods in leveraging the geometric structure of

the dataset.
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TABLE 4. Global performance metrics under Hold-Out (HO) and Cross-

Validation (CV).
Validation Model Acc. Err. Prec. Rec. Spe. F1
KNN 98.00 2.00 98.00 98.00 99.67 98.00
WKNN  98.07 1.93 98.07 98.07 99.67 98.06
Hold-Out (HO) MLP 96.96 3.04 9696 9696 99.49 96.96

XGBoost 97.89 2.11 97.89 97.89 99.65 97.89
SVM 96.75 3.25 96.76 96.75 99.46 96.75

KNN 97.57 243 97.58 97.57 99.60 97.57
WKNN 97.65 235 97.66 97.65 99.61 97.65
Cross-Validation (CV) MLP 96.66 3.34 96.68 96.69 99.45 96.68
XGBoost 97.48 2.52 9748 97.48 99.58 97.48
SVM 96.64 336 96.64 96.64 99.46 96.64

Overall, the results confirm the consistent advantage of distance-based classifiers in this con-
text, followed closely by XGBoost, with MLP and SVM showing reliable but comparatively

lower performance.

3.2. Discussion

Table 5 benchmarks the best-performing WKNN against recent state-of-the-art contributions
that also employed the Dry Bean dataset. These methods were selected for comparison because
they represent recent advances reported in the literature while relying on the same dataset, en-
suring a fair and consistent evaluation. The symbol “—" in this table indicates that the study did
not report results for the given validation scheme. In our case, both validation protocols were
applied, showing that the proposed instance-based models achieved superior results: WKNN
reached 98.07% accuracy under the hold-out scheme and 97.65% with cross-validation. These

outcomes surpass the results reported by Koklu et al. (2020) and Macuécua et al. (2023), as
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well as more recent strategies such as ADASYN+XGBoost (Khan et al., 2023), Random Over-
sampling + Random Forest with randomized search tuning (Koeshardianto et al., 2023), and
BLSMOTE+SVM (Lee et al., 2024). These findings highlight that competitive performance
can be achieved without the need for more complex architectures, offering a practical alterna-

tive for scenarios with limited computational resources.

TABLE 5. Benchmark comparison between recent studies and the proposed
models. The symbol “—" indicates that the study did not report results for that

validation scheme.

Reference Best Classifier Acc. (HO) Acc. (CV)
Koklu et al. (2020) [17] SVM — 93.13
Macuacua et al. (2023) [18] SMOTE + KNN 95.90 —
Khan et al. (2023) [19] ADASYN + XGB 95.40 —
Nayak et al. (2023) [20] SMOTE + XGB 97.32 —
Koeshardianto et al. (2023) [21] Random OS + RF 96.58 —
Lee et al. (2024) [22] BLSMOTE + K-means + SVM — 97.54
Proposed SMOTE + WKNN 98.07 97.65

4. CONCLUSION

This study developed and evaluated a classification pipeline for dry bean varieties that inte-
grates class-wise and feature-wise outlier filtering, Z-score normalization, SMOTE-based class
balancing, and distance-based classifiers. The methodology was tested under two widely used
validation schemes—10-fold cross-validation and 80/20 hold-out—ensuring a comprehensive
evaluation of generalization performance.

The experimental results demonstrate that distance-based classifiers, particularly WKNN,
consistently achieved the highest performance across both validation settings. Among them,
WKNN emerged as the best-performing model, reaching 98.07% accuracy in the hold-out set-
ting and 97.65% in cross-validation, surpassing recent state-of-the-art approaches reported in

the literature. These outcomes confirm that when appropriate preprocessing strategies—such
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as normalization and targeted outlier removal—are applied, simpler classifiers can rival or even
outperform more complex ensemble or neural network models.

A detailed comparison of the evaluated models shows that distance-based approaches are es-
pecially effective in structured morphological datasets, where class boundaries are well defined
and the feature space benefits from geometric proximity metrics. This observation aligns with
prior studies in agricultural classification, reinforcing the suitability of instance-based methods
for this type of problem. Moreover, the proposed pipeline maintained model simplicity and
interpretability, important features for practical deployment in agricultural systems.

From an application standpoint, the combination of low computational cost and high ac-
curacy makes the proposed method suitable for resource-constrained environments. Potential
implementations include embedded sorting systems and on-field inspection devices, where ef-
ficient operation with limited hardware resources is essential. These characteristics position
the approach as a practical solution for real-time classification tasks in agricultural production

chains.
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