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ABSTRACT: Early and accurate detection of Olive Leaf Diseases (OLD) is essential for
effective agricultural management and significantly affect crop productivity and quality. This
paper proposed a VGG-19-based classification a Deep Learning (DL) model, for automated
OLD identification. Preprocessing based on image resizing and Gaussian Filtering (GF) to
enhance image quality and reduce noise. Segmentation based on K-Means segmentation is used
to accurately isolate the diseased regions from the leaf background. Feature extraction is then
performed by the Histogram of Oriented Gradients (HOG) technique to capture discriminative
texture and shape characteristics associated with different disease patterns. VGG-19 is
proposed which effectively classifies the complex visual representations for disease
recognition. Experimental results demonstrate that the proposed framework attains high
classification accuracy of 94.8% and precision, recall and Fl-score of 95% and robust
performance in identifying various OLD. The novelty of the paper enhances disease
recognition accuracy while reducing the influence of background noise.

Keywords: Olive Leaf Diseases VGG-19, Gaussian Filtering, K-Means, Histogram of
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1. Introduction quality and quantity of agricultural
production [4]. Moreover, OliVaR classifies
olive varieties using the morphological
features of olive endocarps [5], Olive plant
diseases are often identified through visible
changes in leaf color and appearance [6]. To
overcome this issue several DL techniques
are utilized for OLD and CLD [7].

Olive cultivation is an important agricultural
activity in many countries, contributing
significantly to economic growth and food
production [1]. Consequently, Saudi Arabia
is home to some of the world's highest-
quality  olive plantations,  covering
approximately 6% of the global olive

cultivation area of 10.6 million hectares [2].
Furthermore, the identification of most olive
cultivars is primarily based on the
characteristics of their fruits and endocarps
[3]. However, it negatively affects both the

In [8] Ksibi et al (2022) have proposed
MobiRes-Net model technique for OLD
detection. Classify multiple OLD even
under varying lighting and environmental
conditions. However, accurate disease
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recognition requires a substantial number of
labeled OL images. Furthermore, in [9]
Alshammari et al (2023) have presented
Artificial Neural Network (ANN) to
analyses the OLD as leaf features and
disease classes. Nevertheless, perform
poorly on unseen samples if not properly
regularized. Moreover, in [10] Huaquipaco
et al (2024) have invented Xception and
VGG16 to detect peacock spot in OLD.
Nonetheless, performance degrades when
trained on imbalanced datasets.
Furthermore, in [11] Pacal et al (2025) have
developed MetaFormer to detect the OLD.
Perform well across diverse image
conditions and  disease  categories.
Nevertheless, it is difficult to deploy on edge
devices agricultural monitoring systems.
Moreover, in [12] Gunduz et al (2026) have
proposed ResNet101 with LGBM for OLD
detection. Identify subtle disease symptoms
such as spots, lesions, and discoloration.
However, performs best when trained on a
large OL images.

1.1 Problem statement

Existing OLD detection methods suffers
from sensitivity to image noise, variations in
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illumination, complex leaf backgrounds,
and the inability to effectively capture
discriminative disease characteristics. To
overcome this issue this paper proposes a
VGG-19 for OLD detection.

1.2 Research Contribution

e Preprocessing based on image
resizing and GF is used to improve
image quality, suppress noise,
segmentation based on K-Means
segmentation is to isolate diseased
regions from the leaf background.

e Feature Extraction based on HOG is
utilized to extract texture and shape
features associated with different

oLD
e Proposed VGG-19 classification
effectively learns complex visual

patterns and accurately distinguishes
among various olive leaf disease
categories.

2. Proposed Methodology

Figure 1 displays the proposed architecture
for OLD detection.
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Figure 1: Proposed Architecture
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The input dataset is fed to pre-processing
based on image resizing standardizes the
input dimensions and GF removes noise.
Next, K-Means segmentation is applied to
accurately separate the diseased regions
from the leaf background. The segmented
image is fed to feature extraction stage to
extract the feature using HOG which is used
to extract discriminative texture and shape
features that effectively represent disease
characteristics. The VGG-19-based
classifier, which learns complex visual
patterns and classifies the OL images into
their respective disease categories.

2.1 Pre-Processing for OLD detection

For OLD detection the input dataset is
resized using image resizing technique that
standardizes the input dimension. GF
preserving important disease features such
as spots, lesions, and texture patterns

1
21mo2

x2+ 2

G(x,y) = ZGf ) (D)
Where, G(x,y) denotes Gaussian kernel
value at position (x,y), o represents
standard deviation controlling the degree of
smoothing x, y signifies spatial coordinates
relative to the kernel center, e indicates
Euler's constant. Following to this the

proceed image fed to segmentation stage.

exp(—

2.2 Segmentation by K-Means

For OLD detection the K-Means
segmentation is to segment the diseased
region from the background. A data point
distance from these cluster centers is
compared, and it is part of the closest cluster.

D(x,y) = llx — ylI? ()

lk(xx) = argminD(x, — C;) =
argmin;||x;, — C|? 3)

L
label. Following to

Where D(x,y) represents data points,
denotes data pointx;
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this the segmented image is fed to feature
extraction.

2.3 Feature Extraction by HOG

For OLD detection the HOG feature is used
to extract the diseased characterises and it is
a type of descriptor that detects object
attributes. These features capture local

structural variations and spatial
relationships  that are critical for
distinguishing the diseased region.

I(x,y) = I(x, y)9emme (4)

Here, I(x,y) takes value based on the
effect. Gamma denotes the feature. Feature
vector by combining all of the components
at last to find OLD. Next, the featured OL
image is given as the input to the proposed
VGG-19.

2.4 Classification by proposed VGG-19

In OLD detection, the proposed VGG-19
automatically  extracts  discriminative
features from leaf images and classifies
them into healthy or diseased categories.
VGG-19 contains 19 layers in which 16
convolutional layers and 3 fully connected
layers. Input layer receives the pre-
processed OL image, convolutional layer

remove low-level then high-level
features like spots, lesions, discoloration,
max-pooling reduce feature map
dimensions, fully connected integrate the
extracted features for classification, softmax
layer produces the probability of each
disease class and output layer predicts the
OLD category. Table 1 shows the
hyperparameter for VGG-19. Fig.2 shows
the VGG-19 architecture.
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Table 1: Hyper parameter for VGG-19

Hyperparameter Values
Optimizer Adam
Batch size 32
Hidden layer, output layer activation ReLU, Softmax
Training time 58-83min
Epochs 100
Dropout rate 0.5
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Figure 2: VGG-19 architecture

Each layer classify its OL by its category
and it is mathematically expressed as

F@i,)) = XmXnl(i —m,j —n).K(m,n)
()

Where, I denotes input image, K signifies
convolution kernel and Frepresents feature

map. ReLU activation function. The max-
pooling operation is

P(i,j) = (6)

Where R signifies the pooling region, P(yi)
denotes probability of class,j . Thus by this
the proposed VGG-19 classify the OLD
clearly.

(mmerk (M, 1)

3. Result and Discussion

For OLD the proposed VGG-19 is
implemented in python software to classify
the disease. Using Olive leaf image dataset
the work is done and the input images have
the size of 224,224, and the total number of
train set is 2720, test set is 680 and total is
3400 images the class names are
aculus_olearius have 690 train set, 200 test
set and total 890 images, Healthy have 830
train set, 220 test set and total 1050 images,
olive_peacock_spot have 1200 train set, 260
test set and total 14600 images.

Input image

)

i

Resized Image

Figure 3: Input to resize image

Figure 3 displays the input to resize image.
The input image is chosen from olive leaf

image dataset here the input image is resized
using image resizing technique.

Page | 23



Automated Olive Leaf Disease Identification using K-Means segmentation and VGG-19 —based Classification,
2026

Gaussian Filtered |

ted |

Grayscale Image

ge |[K-Means S

|

HOG Feature Image

4

Figure 4: Grayscale, GF image, K-means, HOG

Figure 4 shows the grayscale, GF image, K-
means, HOG. The resized image to
grayscale here the color image is changed
into a single-channel intensity image. The
noises are removed using GF image. The K-

Means segmented image separates the leaf

and diseased regions into distinct clusters. In
HOG the edge orientations and texture
patterns of the leaf lesions, extracting
discriminative features that the HOG feature
vector length is 26244,
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Figure 5: Model accuracy and loss

Figure 5 displays model accuracy and loss.
The validation accuracy improves from 0.56
to 0.95, effective model learning and strong

generalization. The validation loss drops
from 1.15 to 0.16, improved prediction
performance with minimal overfitting.
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Figure 6: Confusion matrix and ROC curve for proposed VGG-19

Figure 6 displays the confusion matrix for
proposed VGG-19 for OLD detection. Here
the classes aculus_olearius of 188 with
precision, F1-score of 95%, recall of
94%,healthy of 210 with precision of 96%,
recall, Fl-score of 95%, and
olive_peacock_spot of 247 with precision,
F1-score of 94% and recall of 95%,. The

AUC value for aculus_olearius is 0.95,
healthy and olive_peacock spot is 0.96
correspondingly.

Ablation study

In the ablation study the proposed VGG-19
is compared with the existing techniques as
shown in table 2.
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Table 2: Comparison for performance metrics

Study Accuracy Precision Recall F1-Score
YOLOVS [1] 90.3% 84% 77% 82%
ResNet101 [2] 91.8% 73.08% 93.7% 94.9%
MobileNet [8] 94.6% 93% 93% 94%
Proposed VGG-19 94.8% 95% 95% 95%

4. Conclusion

In this paper OLD detection is detected
using proposed VGG-19 for accurate and
reliable disease classification. The OLD is
resized and removed noised using image
resizing and GF, K-Means for precisely
isolated the diseased regions, and HOG
extract the OLD image. The proposed VGG-
19 architecture identifies different OLD.
Experimental results demonstrate the
effectiveness of the proposed framework,
achieving a classification accuracy of 94.8%
with a precision, recall, and Fl-score of
95%. Future work focus on integrating
advanced attention mechanisms, lightweight
DL architectures, and real-time deployment
on edge devices to further improve detection
accuracy and practical applicability in smart
agricultural environments
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