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Abstract. This study develops a lightweight K-Nearest Neighbor (K-
NN) classifier to identify Five Indonesian herbal leaf species—betel,
bay, quava, soursop, and moringa—for potential smart-agriculture
applications. The initial dataset contained 1,000 leaf images and was
expanded to 6,000 images through offline augmentation. After data
cleaning, 5,884 images were retained for analysis. Each image was
resized to 256 x 256 pixels, converted into grayscale and HSV color
spaces, and segmented using Otsu thresholding. A total of 21
Features representing shape, color, and Gray-Level Co-occurrence
Matrix (GLCM)-based texture characteristics were extracted. K-NN
hyperparameters were optimized through Grid Search with
Stratified 5-Fold Cross-Validation using 80:20, 70:30, and 60:40
training-testing splits. Under image-level evaluation, the best
configuration used Manhattan distance, k = 1, and distance
weighting, achieving 92.18% accuracy and a 92.29% macro Fl1-score
on the 80:20 split. The 70:30 and 60:40 splits achieved accuracies
of 91.79% and 9121%, respectively. Misclassifications primarily
occurred between soursop and guava leaves. Although the
framework is compact and interpretable, augmentation before
splitting may have produced optimistic results. Future work should
on-device

apply source-grouped validation and assess real

performance.
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1 INTRODUCTION

Herbal plants are an integral part of traditional medicine practices in many countries,
including Indonesia. The World Health Organization estimates that approximately 80% of
the global population still relies on plant-based medicine as part of primary healthcare
services. Indonesia alone is home to more than 30,000 medicinal plant species,
approximately 9,600 of which have been shown to possess pharmacological properties
[1]. This potential highlights the need For an accurate, rapid, and widely accessible system

For identifying medicinal plant species to the wider community [2], [3].

In practice, herbal leaf identification is still largely performed by visual inspection, making
the result subjective when species share similar shape, color, or surface texture [4].
Misidentification is not merely taxonomic because an incorrectly selected medicinal leaf
can lead to inappropriate herbal preparation and potential safety risks. An objective
image-based identification aid is therefore relevant for users who do not have ready

access to botanical expertise.

Digital image processing and machine learning provide an alternative for automated
identification. Leaf appearance can be represented by complementary shape, color, and
texture descriptors [5], [6]. HSV separates chromatic information From brightness, while
GLCM characterizes local texture patterns [7], [8]. K-Nearest Neighbor (K-NN) is attractive
For Field applications because it is non-parametric, computationally lightweight, and

traceable to stored training samples [9].

Previous studies have explored different feature-model combinations. Meiriyama et al.
[5] obtained 92.67% accuracy using HOG-LBP with K-NN, while Naeem et al. [10] reported
99.01% using multispectral and texture features under laboratory acquisition. Other
studies used GLCM with K-NN [7], [8], weighted K-NN [11], or color-GLCM-shape features
with conventional classifiers [4]. CNN-based approaches [12], [13] generally achieved
higher accuracy but with greater computational requirements, while HSV-K-NN

performance can remain sensitive to illumination [1].

A few researchers have combined all three visual Feature groups, and fewer still have
systematically tuned the K-NN configuration. Two gaps therefore remain: incomplete

visual representation when only one or two feature groups are used, and uncertain K-
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NN performance when k, weighting, and distance metric are left at default or ad-hoc

values. Because distance choice can materially change K-NN performance [14], both

feature fusion and hyperparameter tuning need to be evaluated together.

Therefore, this research intends to develop a lightweight K-NN model for five Indonesian
herbal leaf species using fused shape, HSV color, and GLCM texture features. The
objectives are to (1) construct a 21-dimensional feature vector, (2) identify the optimal K-
NN configuration through Grid Search with stratified cross-validation, and (3) evaluate
accuracy, precision, recall, F1-score, execution time, and stability across 80:20, 70:30, and
60:40 splits. The study is oriented toward smart-agriculture settings where local
processing and limited resources favor efficient models [15], [16]. The selected species—
betel, bay, guava, soursop, and moringa—are commonly used medicinal plants in Indonesia
[2], [3], [17]. The contributions are the joint use of 21 handcrafted shape-color-texture
Features, systematic K-NN hyperparameter tuning across three split scenarios, and class-
level error analysis to identify the most difficult species pair and guide Future Feature

improvement.

2. METHODS

This study uses an experimental quantitative approach based on the Cross Industry
Standard Process for Data Mining (CRISP-DM). The analytical stages cover business and
data understanding, data preparation, modeling, and evaluation; direct deployment is
outside the present scope [18]. Implementation used Python, OpenCV, scikit-image, and

scikit-learn in Google Colaboratory [19].

As summarized in Figure 1, the reported image-level experimental pipeline consists of
image acquisition, resizing to 256 x 256 pixels, grayscale/HSV conversion, threshold
segmentation, augmentation and cleaning, extraction and concatenation of 2 shape, 3
HSV, and 16 GLCM Ffeatures, StandardScaler normalization, Grid Search with Stratified 5-
Fold Cross-Validation, and held-out evaluation. This figure describes the protocol that
produced the numerical results reported in this manuscript; Accordingly, the reported
results reflect the original image-level protocol and do not constitute source-level

validation.
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Figure 1. CRISP-DM-based workflow of the reported image-level experiment from image

acquisition and preprocessing to 21-feature fusion, K-NN tuning, and evaluation

2.1. Data Collection

The data used in this study consist of digital leaf images from Five classes. The primary
data were obtained through direct acquisition using a high-resolution digital camera
under natural lighting conditions, while the secondary data were obtained from the public
Kaggle repository. Each class was represented by 100 primary images and 100 secondary
images, resulting in an initial total of 1,000 images with a balanced distribution across
classes. The combination of these two sources was used to enrich variations in
background, capture angle, and lighting conditions, so that the model would not learn
only the characteristics of a single acquisition condition. Sample images from both

sources are presented in Figure 2, and the dataset composition is detailed in Table 1.
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Betel Bay Guava Soursop Moringa
(Piper betle) (Syzygium polyanthum) (Psidium guajava) (Annona muricata) (Moringa oleifera)

Primary data

Secondary data

Figure 2. Sample images of the five herbal leaf species from the primary and secondary

sources

Figure 2 illustrates the visual challenges addressed in this study. Betel leaves can be
clearly distinguished by their heart-shaped blades, while moringa leaves can be identified
by their small, rounded leaflets. In contrast, guava and soursop leaves both have
elongated elliptical shapes and dark green surfaces, making their differences primarily
dependent on subtle details of leaf venation and surface gloss. The figure also shows
differences in background and lighting conditions between the two data sources,

representing variations that the model must be able to tolerate.

Table 1. Composition of the herbal leaf image dataset

LeaF Species Primary Secondary Initial After
No
(Scientific Name) Data Data Total Augmentation
1 Betel (Piper betle) 100 100 200 1,200

Bay (Syzygium
2 100 100 200 1,200
polyanthum)

Guava (Psidium
3 100 100 200 1,200
guajava)

Soursop (Annona
4 100 100 200 1,200
muricata)

Moringa (Moringa
5 100 100 200 1,200
oleifera)

Total 500 500 1,000 6,000
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2.2. Image Preprocessing and Augmentation

The preprocessing stage aims to standardize the quality and format of the images before
Feature extraction. All images were resized to 256 x 256 pixels to standardize the input
dimensions while reducing the computational load. The RGB images were then converted
to grayscale for shape and texture feature extraction and to the HSV color space for
color fFeature extraction, as shown in Figure 3. The leaf objects were separated from the
background using thresholding-based segmentation, which produced binary images as
shown in Figure 4, because an unremoved background could potentially introduce noise
into the calculation of shape features. The threshold was determined automatically using
Otsu's method, which selects the value that maximizes the between-class variance of the
grayscale histogram, so that no manually tuned threshold was required. Because the
polarity of the result depends on whether the leaf is darker or lighter than its
background, the binary image was inverted whenever more than half of its pixels were
labelled as Fforeground. Residual speckle and small gaps were then removed by
morphological opening followed by morphological closing, both using an elliptical

structuring element of 5 x 5 pixels.

Original (RGB) Grayscale HSV - RGB

PO@®

Figure 3. Color space conversion of a leaf image into grayscale and HSV

representations

Daun Sirih - Grayscale Daun Sirih - Threshold

Figure 4. Object segmentation result using thresholding on a grayscale leaf image
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The number of original images was considered insufficient to train a3 model that is robust

to variations in acquisition conditions, so data augmentation was performed. Five
augmentation techniques were applied: 90-degree rotation, horizontal Flipping,
brightness adjustment, contrast adjustment, and noise addition, with the results shown
in Figure 5. Rotation and flipping improve the model's robustness to variations in
orientation, brightness and contrast adjustments simulate differences in lighting
conditions, while noise addition mimics camera sensor interference and image
compression. The exact parameters were as follows. Rotation applied a 90-degree
clockwise turn, and flipping was performed about the vertical axis. Brightness adjustment
multiplied the Value channel of the HSV representation by a factor of 1.3 and clipped the
result at 255. Contrast adjustment applied the linear transformation g(x) = alpha x + bets,
with alpha = 1.5 and beta = 0. Noise addition used additive Gaussian noise with a mean of
0 and a standard deviation of 10, with the result clipped to the range [0, 255]. Each original
image produced exactly one variant per technique, so that together with the original
image every source photograph contributed six images to the dataset: 1,000 originals
therefore yielded 5,000 augmented images and 6,000 images in total. All images, original
and augmented alike, were resized to 256 x 256 pixels after the transformation was

applied. Details of the augmentation results are presented in Table 2.

Original Rotate Flip Brightness Contrast Noise

XK X

Figure 5. Examples of augmentation results applied to a betel leaf image

Table 2. Number of images produced by each augmentation technique, one variant per

technique per source image

Primary Secondary

No Treatment Total Images
Images Images

1 Original images 500 500 1,000

2 Rotation of 90 degrees 500 500 1,000
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Primary Secondary

No Treatment Total Images
Images Images

3 Horizontal Flip 500 500 1,000

4 Brightness adjustment 500 500 1,000

5 Contrast adjustment 500 500 1,000

6 Noise addition 500 500 1,000

Total 3,000 3,000 6,000

The augmentation process produced 6,000 images ready for Further processing. The
subsequent quality inspection identified several images that could not be properly
segmented, particularly those with very low contrast between the object and the
background, causing the leaf contour to be poorly formed and the eccentricity value to
be undefined. Such images were removed during the data cleaning stage, resulting in a

fFinal dataset of 5,884 images used for model development.

2.3. Feature Extraction

Feature extraction transforms the visual information in an image into a numerical
representation that can be processed by a classification algorithm. Three groups of
fFeatures were extracted from each image, namely shape, color, and texture, with the

details of the measurements calculated for each group shown in Figure 6.

—@—
Y 4 y
Shape Features Color Features Texture Features
v

=3

Eccentricity ] [ HSV J GLCM

4 Jv Y A4

l Contrast ] [ Energy ] [HomogeneityJ [ Correlation ]

Figure 6. Flowchart of the shape, color, and texture feature extraction stages
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Shape features were extracted from the segmented binary images using two measures,

namely metric (circularity) and eccentricity. Metric measures the circularity of an object
based on its area and contour perimeter, as expressed in Equation (1), where a value
approaching 1indicates a shape that is close to circular. Eccentricity measures the degree
of elongation based on the relationship between the major and minor axes of an ellipse
Fitted to the object contour, as expressed in Equation (2), with values ranging from O for

a rounded shape to values approaching 1 for a highly elliptical shape.

Metric = 4mA/P? )

Eccentricity = /(1 — b?/a?) ()

where A denotes the area of the object, P denotes the contour circumference, a denotes

the semi-major axis length, and b denotes the semi-minor axis length of the ellipse.

Color Features were extracted in the HSV color space because this color space separates
the pure color component (Hue), color intensity (Saturation), and brightness (Value),
making it more closely aligned with human color perception and more stable to changes
in lighting conditions than RGB. The mean value of each channel was calculated as shown

in Equation (3), resulting in three color features: mean_H, mean_S, and mean_V.

mean; = (1/N)X(i = 1toN)C; (3)

where C denotes the color channel under consideration, C(i) denotes the intensity value
of the i-th pixel in that channel, and N denotes the total number of pixels in the image.

Texture features were extracted using GLCM, which analyzes the frequency of
occurrence of pixel pairs with specific gray levels at a given distance and direction. This
study used a distance of d = 1 with Four orientation angles, namely 0°, 45° 90° and 135°,
at 256 gray levels using a symmetric and normalized matrix. Four statistical properties
were calculated from the matrix: contrast, which measures intensity differences between
neighboring pixels (Equation 4); energy, which measures distribution uniformity (Equation

5); homogeneity, which measures the proximity of the element distribution to the main
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diagonal (Equation 6); and correlation, which measures the linear relationship between

neighboring pixels (Equation 7).

Contrast = 2;2;(i — j)*P(i, ) (4)

Energy = 2, Z;P(i,})? (5)
Homogeneity = X;5;P(i,j) /(1 + |i — j|) (6)
Correlation = ZiZj[(i — ,ul-)(j — /,tj)P(i,j)]/(aiaj) (7)

where P(i, j) denotes the normalized GLCM element at row i and column j, while p and o

denote the marginal mean and standard deviation of the GLCM, respectively.

Since each property was calculated at four angles, a total of 16 texture features were
obtained. All features from the three groups were then combined based on matching File
names and class labels, resulting in a single 21-dimensional feature vector for each image,
as detailed in Table 3.

Table 3. Composition of the combined feature vector

Feature
Method Feature Names Count

Group
Shape Binary image contour metric, eccentricity 2
Color HSV color space mean_H, mean_S, mean_V 3

GLCM (d =1; 0, 45, 90, contrast, energy, homogeneity, and
Texture 16
135 degrees) correlation at each angle

Total dimension of the Feature vector 21

2.4. Normalization and Data Splitting

The extracted features have substantially different value ranges; GLCM contrast values
can range from tens to hundreds, whereas metric and eccentricity range from O to 1. This
difference in scale has a substantial effect on K-NN because the algorithm makes
decisions based on distances between data points, causing features with larger scales to
dominate the calculation while features with smaller scales have almost no influence.
Therefore, all Features were normalized using standardization (StandardScaler), which

transforms each feature to have a mean of O and a standard deviation of 1. The
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transformation parameters were calculated using only the training data and then applied

to the test data to prevent information leakage.

Data splitting was performed using the train_test_split function with the stratify
parameter to preserve the proportion of each class in both the training and test subsets,
and random_state = 42 to ensure reproducibility. Three data-splitting scenarios were
evaluated: 80:20, 70:30, and 60:40. In the primary 80:20 scenario, the dataset was divided

into 4,707 training images and 1,177 test images.

Because offline augmentation was performed before train-test splitting,
augmented variants from one source photograph could occur in both subsets.
The reported results therefore represent an image-level evaluation and may
overestimate performance on independent source photographs, particularly For k
=1 where a very close variant can determine the prediction. The same mechanism
can also reduce apparent variance across folds and split scenarios. A leakage-
controlled source-level grouped evaluation was not conducted in this study;
consequently, the reported results should be interpreted within the original

image-level protocol.

2.5. Modeling and Hyperparameter Tuning

The classification algorithm used in this study was K-Nearest Neighbor (K-NN). K-
NN assigns the class of a test image based on the majority of labels from its k
nearest neighbors in the Feature space, without constructing a parametric model
at the training stage. The behavior of this algorithm is determined by three main
parameters: the number of neighbors (n_neighbors), which controls the
smoothness of the decision boundary; the weighting scheme (weights), which
determines whether all neighbors have equal influence or are weighted according
to their proximity; and the distance metric (metric), which determines how
similarity between Feature vectors is measured [14]. These three parameters were
optimized through Grid Search, which was configured to search the combinations
of values within the predefined search space and has been shown to significantly

improve model performance compared with the use of default parameters [20].
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The validation scheme used was Stratified 5-Fold Cross Validation, with accuracy

as the scoring metric. The search space used is presented in Table 4.

Table 4. Hyperparameter search space for the K-NN algorithm

Algorithm Parameter Tested Values
n_neighbors 1,3,579
K-NN weights uniform, distance
metric euclidean, manhattan

2.6. Evaluation Metrics

Model performance was evaluated using a confusion matrix along with four derived
metrics: accuracy, precision, recall, and Fl-score, as defined in Equations (8)-(11) [9l
Accuracy measures the proportion of correct predictions among all observations,
precision measures the correctness of positive predictions, recall measures the model’s
ability to identify all positive instances, and Fl-score is the harmonic mean of precision
and recall, which is useful when both aspects are equally important. Because this is a
multiclass classification problem with a balanced class distribution, the last three metrics

were reported for each class and summarized using the macro average [21], [22].

Accuracy = (TP +TN)/(TP + TN + FP + FN) (8)
Precision = TP/(TP + FP) (9)

Recall =TP/(TP + FN) (10)

F1 — score = 2 X Precision X Recall/(Precision + Recall) an

Training and prediction time were measured as computational-efficiency indicators.
Experiments used Python with OpenCV, scikit-image, and scikit-learn; timing was obtained
on an AMD Ryzen 5 7535HS CPU with 16 GB RAM and no GPU. Edge feasibility was
assessed only through classifier prediction time and memory Footprint because no
smartphone or embedded board was benchmarked directly. The reported 0.19 ms per
image therefore refers to K-NN prediction after the 21-dimensional feature vector has

been extracted, not to the complete image-to-prediction pipeline. The full 5,884-vector
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dataset occupies about 0.94 MiB, while the 4,707-vector training database in the 80:20

experiment requires about 0.75 MiB. These values indicate low model-side storage and
prediction cost, but image preprocessing and feature extraction would also contribute

to latency in a real deployment and should be benchmarked on the target hardware.

3. RESULTS AND DISCUSSION

3.1. Characteristics of Shape, Color, and Texture Features

The distribution of shape Features across the entire dataset is presented as a scatter
plot of eccentricity and metric in Figure 7. Soursop and guava leaves occupy the high-
eccentricity region, reflecting their elongated elliptical shapes, whereas betel and guava
leaves account for most of the points with metric values above 0.6 as a consequence of
their more rounded leaf blades. Most points from the Five classes remain concentrated
within the metric band below 0.25, clearly indicating that the two shape Features can

separate only some of the classes and are not sufficient when used independently.

Scatter Plot: Eccentricity vs. Metric

081 LeafClass = — o .
® Betel '.\
0.7 ® Bay e % o o‘ e
“1 ® Moringa * o s
® Guava : ®
® Sourso -
0.6 - p o
0.5 1
W ..
= 0.4 1
5 L1
0.3 1
0.2 1
o
o
011 @
Go LN e
[ ) L] . .) (.
0.0 ® oo (o fw\oro.. u(m

0.2 0.4 0.6 0.8 1.0
Eccentricity

Figure 7. Scatter plot of the eccentricity and metric shape features for the Five leaf

classes
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The distribution of color features in the three-dimensional space of mean Hue, mean

Saturation, and mean Value is presented in Figure 8. The five classes Form an overlapping
data cloud, with the highest density in the Hue range of 40 to 80 and the Value range of
100 to 200, which is reasonable considering that all objects are green leaves. Bay leaves
appear to exhibit the widest spread toward higher Value levels, whereas moringa leaves
dominate the low-Saturation region. The mean value of the Hue channel remains
relatively stable under geometric augmentation, whereas the Value channel shifts in
response to brightness and contrast adjustments, consistent with the nature of the HSV

color space in separating pure color information from light intensity.

3D Scatter Plot: HSV Features
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Figure 8. Three-dimensional scatter plot of the HSV color Features for the Five leaf

classes

The relationships among the GLCM texture features are presented as a pairplot in Figure
9. The contrast feature has a right-skewed distribution, with most values below 300,
whereas correlation is narrowly concentrated around values close to 1. The energy and
homogeneity Features exhibit an almost linear positive relationship, while contrast is

negatively correlated with correlation, energy, and homogeneity, consistent with the
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interpretation that high contrast indicates sharp intensity differences, whereas energy

and homogeneity indicate uniformity. Moringa leaves are most clearly separated in the
region characterized by low contrast and high energy and homogeneity, which explains

why this class is the easiest for the K-NN model to recognize during classification.

GLCM Texture Features Pairplot (Mean per Angle)

Leaf Class
o Betel
Bay
Moringa
Guava
Soursop

Correlation

Energy

Homogeneity

0 500 1000 0.85 0.90 0. 1.00 0.0 0.'5 1.0 00 05 1.0
Contrast Correlation Energy Homogeneity

Figure 9. Pairplot of the GLCM texture features contrast, correlation, energy, and

homogeneity

In terms of robustness to augmentation, the correlation values of the original images as
well as the rotated and flipped images ranged from 0.97 to 0.98 across all orientations,
indicating that the texture structure was preserved under geometric transformations.
These values decreased slightly in images subjected to contrast adjustment, brightness
adjustment, and noise addition, indicating that the GLCM Ffeatures are relatively robust
to mild disturbances but remain sensitive to changes in pixel patterns caused by

photometric augmentation.
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3.2. Hyperparameter Tuning Results

The Grid Search results in Table 5 consistently selected Manhattan distance and distance
weighting, with k =1 For the 80:20 split and k = 3 for the 70:30 and 60:40 splits. Manhattan
(L1) sums absolute deviations, whereas Euclidean (L2) gives a large deviation on one
Feature greater influence through squaring. This distinction is important in the
heterogeneous 21-dimensional feature space: metric and eccentricity are bounded shape
measures, HSV means are intensity statistics, and GLCM contrast is right-skewed.
Standardization equalizes scale but does not make these distributions identical.
Consequently, an atypical contrast or illumination value can dominate an L2 distance
more strongly than an L1 distance, while Manhattan preserves the contribution of the
remaining dimensions. The result is especially relevant for leaf images because local
glare, shadow, segmentation residue, or mild noise can produce a large standardized
deviation in only one or two texture/color coordinates without changing the overall class
identity. Under L2, those coordinates receive disproportionate influence; under L1, their
contribution remains linear, so agreement across the other descriptors continues to

matter.

This provides a plausible technical explanation for Manhattan being selected in all three
splits rather than only one fFavorable partition, and it agrees with evidence that absolute-
difference measures can be more robust to noise and outliers [14]. For k =1, uniform and
distance weighting yield the same class decision because only one neighbor votes;
weighting becomes meaningful in the k = 3 scenarios, where closer samples receive
greater influence [11]. The selection of k =1 must nevertheless be regarded as provisional.
Under the present protocol the training set contains augmented siblings of the test
images, and such a sibling is by construction an extremely close neighbor, which
systematically favours the smallest possible k. Once all variants of one source
photograph are confined to the same partition, those siblings are no longer available, the
distance to the first neighbor increases, and a larger k may well be selected. A source-
level grouped evaluation would therefore require re-optimizing the complete

hyperparameter grid rather than transferring the current configuration to a new split.
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Table 5. Hyperparameter tuning results and K-NN performance under the original

image-level splitting protocol

cv
Accuracy Training Prediction
Algorithm  Split Best Parameters Accuracy
(Testing) Time(s) Time (s)
(Training)

metric =
manhattan;
K-NN 80:20 0.9191 0.9218 6.18 0.2198
n_neighbors = 1;

weights = distance

metric =
manhattan;
K-NN 70:30 0.9094 0.9179 312 0.1753
n_neighbors = 3;

weights = distance

metric =
manhattan;
K-NN 60:40 0.9051 0.9121 3.82 0.2257
n_neighbors = 3;

weights = distance

Table 5 shows that test accuracy changed by 0.97 percentage points, from 92.18% (80:20)
to 91.21% (60:40), and declined as the training set became smaller. This difference is
deliberately not interpreted here as evidence of strong stability. Under image-level
splitting, augmented variants of the same source photograph are distributed across the
training and test subsets in every scenario, which compresses the variance between
scenarios by construction; a small spread is therefore an expected property of the
protocol rather than an independent Finding about the feature representation. Whether
the representation is genuinely stable across splitting proportions can only be
established under source-level grouped validation. Test accuracy was slightly above
cross-validation accuracy in all scenarios, showing a small difference between cross-
validation and test performance within this protocol but not proving generalization to

independent source images.

K-NN also showed low computational cost. In the 80:20 scenario, parameter search and

Fitting required 6.18 s and prediction of 1,177 images required 0.2198 s, or about 0.19 ms
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per image. As a lazy learner, K-NN shifts cost to inference because each test vector is

compared with stored training vectors; consequently, memory and prediction cost scale

with the size of the feature database.

3.3. K-NN Model Evaluation
The confusion matrix of the K-NN model with the best configuration under the 80:20
scenario is presented in Figure 10. The majority of predictions lie along the main diagonal,

with 1,085 correct predictions out of 1,177 test samples, resulting in an accuracy of 92.18%.

Confusion Matrix - KNN

Daun_jambu_biji 1 0 27
200
Daun_kelor -
150
©
2 Daun_salam - 5
2
- 100
Daun_sirih - -
-50
Daun_sirsak - 33
-0

1 1 1 1
Daun_jambu_biji Daun_kelor Daun_salam Daun_sirih Daun_sirsak

Predicted
Figure 10. Confusion matrix of the K-NN model under the original image-level 80:20

splitting protocol

Details of the metrics For each class are presented in Table 6. Moringa leaves achieved
the best performance with an F1-score of 98.67%, followed by betel leaves at 97.47% and
Bay leaves at 95.74%. Conversely, guava and soursop leaves achieved the lowest F1-

scores, at 85.06% and 84.52%, respectively.
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Table 6. Per-class performance of the K-NN model under the original image-level 80:20

protocol
Precision Fl-score
Leaf Class TP FP FN Recall (%)
(%) (%)
Guava 205 42 30 83.00 87.23 85.06
Moringa 222 4 2 98.23 991 98.67
Bay 225 7 13 96.98 94.54 95.74
Betel 231 3 9 98.72 96.25 97.47
Soursop 202 36 38 84.87 84.17 84.52
Macro average - - - 9236 92.26 92.29

3.4. Discussion

The optimal k = 1 configuration in the 80:20 split is consistent with dense local
neighborhoods in the standardized feature space, where the nearest sample often
already has the correct label. The augmented dataset also creates compact clusters of
visually similar variants, so enlarging k can recruit samples from adjacent class
boundaries rather than add useful information. This is particularly relevant for the guava-
soursop boundary, where the two classes overlap strongly. At k =1, uniform and distance
weighting are functionally equivalent; the result therefore reflects locality rather than
an independent advantage of weighting. When the training share is reduced to 70% and
60%, the Feature space becomes more sparsely sampled and k = 3 is selected, suggesting
that modest smoothing becomes beneficial when the nearest sample is less reliably
representative. The trade-off is that k = 1 remains more sensitive to anomalous vectors

and to the image-level augmentation protocol discussed in Section 2.4.

The confusion matrix analysis reveals that the largest source of classification errors is
concentrated in a single class pair, namely soursop and guava leaves. A total of 33
soursop images were predicted as guava, while 27 guava images were predicted as
soursop, resulting in 60 errors, or 652% of the total 92 errors, originating from these
two classes alone. This highly uneven distribution of errors is important to note because
it indicates that the overall accuracy of the model is primarily limited by one specific

discrimination problem rather than by weaknesses distributed across all classes.
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This dominant error pattern is also visually interpretable. The two species share

elongated-elliptical contours, dark-green coloration, and glossy surfaces, which causes
their metric, eccentricity, mean HSV, and global GLCM descriptors to overlap. In the
sample images, guava also shows more pronounced secondary venation and surface
relief, whereas soursop appears smoother. The current representation is not designed to
exploit that distinction because the HSV descriptors are global channel means and the
GLCM statistics are aggregated over the entire blade. Higher-order HSV statistics such
as standard deviation, skewness, and normalized histograms could preserve within-leaf
color variation that is lost in the mean, while venation descriptors based on ridge or edge
Filtering could encode vein density, dominant orientation, and branching structure. These
additions directly target the most frequent confusion while retaining the computational

advantages of handcrafted features.

For deployment-oriented smart agriculture, K-NN offers a compact stored-feature
representation, no conventional iterative retraining, and traceable predictions linked to
nearest training samples. New labeled examples can be incorporated by updating the
stored feature database rather than retraining a deep network, which is useful when
fField collections grow incrementally. The measured classifier inference time and sub-1-
MiB Feature storage indicate potential for offline edge implementation. Traceability is
another practical advantage: an operator can inspect the nearest stored examples
supporting a prediction and identify problematic reference samples when an error
occurs. Nevertheless, these benefits remain deployment-oriented rather than
deployment-proven because the reported timing excludes image preprocessing and

Feature extraction and no smartphone or embedded board was tested directly [15], [16].

The findings of this study in relation to several previous studies in the same domain are
summarized in Table 7. It should be emphasized that this comparison is indicative rather
than directly equivalent, because each study used different datasets, numbers of classes,

and evaluation protocols.

Table 7. Position of this study relative to previous research

Researcher Features Used Algorithms Best Accuracy
HOG and LBP (shape,
Meiriyama et al. [5] K-NN 92.67%
texture)
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Researcher Features Used Algorithms Best Accuracy
Noviana and Logistic Regression,

Color, GLCM, shape 7831%
Nugraha [4] Decision Tree

Multispectral and

Multi-Layer
Naeem et al. [10] texture (14 selected 99.01%
Perceptron
Features)
Fourier Descriptor
Basri et al. [12] K-NN, CNN 95.00%
(shape)
Zahirah et al. [13] GLCM (texture) K-NN, CNN 96.00%
Shape, HSV color, and K-NN with
92.18% (image-
This study GLCM texture (21 hyperparameter level
eve
Features) tuning

The 9218% image-level accuracy is comparable to K-NN with handcrafted features
reported by Meiriyama et al. [5] (92.67%) but below multispectral laboratory-based results
[10] and CNN-based studies [12], [13], [23]. These values should be interpreted as indicative
rather than directly comparable because datasets, class counts, image acquisition
conditions, and validation protocols differ. The present study instead emphasizes the
integration of shape, HSV, and GLCM features, systematic optimization of k, weighting,
and distance metric, evaluation under three train-test proportions, and class-level error
analysis [24], [25]. The CNN-based studies achieved roughly 95-96% accuracy, a few
percentage points above the present result, but their training and deployment
requirements are generally higher. K-NN, by contrast, stores a compact feature database
and makes predictions that can be traced to specific neighboring training samples, which
may be useful fFor resource-constrained Field applications, although direct edge-device
benchmarks are still required. K-NN does not involve iterative parametric model training
after feature construction, but the pipeline as a whole is not free of computational
preparation: Feature extraction, standardization, grid search, cross-validation, and
construction of the stored feature database all consume resources, and Ffeature
extraction in particular dominates the per-image cost at inference time. The advantage
is therefore low model complexity and compact storage rather than zero preparation

cost. The practical contribution is therefore a trade-off between predictive performance,
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computational simplicity, and interpretability rather than a claim of superiority over deep

learning.

Internal validity is limited by augmentation before image-level splitting, which can place
variants of the same source photograph in training and test subsets and make the 92.18%
estimate potentially optimistic relative to source-level validation. This issue is especially
relevant to k = 1 because a highly similar variant can become the decisive nearest
neighbor, and it may also reduce apparent variance across folds. Therefore, the reported
stability across 80:20, 70:30, and 60:40 scenarios should be interpreted as stability under
the present image-level protocol rather than proof of source-independent
generalization. Construct validity is constrained by illumination sensitivity: HSV Value
changes with brightness, Saturation can vary with lighting conditions, and grayscale
GLCM can respond to shadows and specular highlights. The current color representation
also uses only channel means, so two leaves with similar average color but different
within-leaf distributions can appear artificially close in Feature space. Severe backlighting,
hard midday reflections, deep shade, and mixed artificial illumination were not
represented comprehensively and may degrade color and texture descriptors more
strongly than the geometric shape descriptors. External validity is limited to five species
and relatively controlled backgrounds, while conclusion validity is limited by the absence
of same-dataset statistical comparison with competing classifiers. Finally, deployment
validity is limited because inference timing was measured on an AMD Ryzen 5 CPU rather
than on a smartphone or embedded board, and the reported classifier time excludes
image preprocessing and feature extraction. Future work should therefore use grouped
source-image splitting, stronger illumination tests, higher-order color moments or
histograms, explicit venation descriptors, statistical comparisons, and direct mobile or

embedded-device evaluation.

4. CONCLUSION

This study developed a lightweight K-NN classifier For five herbal leaf species using a 21-
dimensional Fusion of shape, HSV color, and GLCM texture features. Grid Search with
Stratified 5-Fold Cross-Validation selected Manhattan distance, k = 1, and distance
weighting for the 80:20 scenario, yielding 92.18% accuracy and 92.29% macro F1 as an
image-level estimate, while the 70:30 and 60:40 splits achieved 91.79% and 91.21%
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accuracy under the same protocol. These figures are reported as image-level results
throughout and are not claimed as source-independent performance. Prediction required
about 019 ms per image on the tested CPU. Error analysis showed that 65.2% of
misclassifications occurred between soursop and guava, indicating that richer color-
distribution and venation descriptors are the most relevant next improvements. Because
augmentation preceded image-level splitting, the reported accuracy may be optimistic
relative to source-level grouped validation and should not be interpreted as
independent-source generalization; the selection of k =1 is the component most exposed
to this effect, and the proportion of soursop-guava errors may likewise change once
augmented siblings no longer cross the partition boundary. Source-level grouped
validation was not conducted in this study; therefore, independent-source performance

remains unverified.
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