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ABSTRACT: Orange is a citrus fruit which is one of the agricultural crops that have a lot of added value
in worldwide. Early disease diagnosis is essential for citrus fruits, as it is for agricultural products,
depending on market demands and possible financial losses. In this paper, a XG Boost classification is
proposed to quickly recognise orange fruit disease. Firstly, image is smoothening and removes the noise
using Gaussian filter to get high quality image using orange disease dataset. Next, the processed image is
given to the Fuzzy C-Means clustering for partition of data. After that orange fruit image is featured by
Gray-Level Co-occurrence Matrix (GLCM) textured is designed for further analysis. Finally, a XG-Boost
framework is processed to enhance the classification of orange fruit disease image. Using python
software proposed framework have accuracy of 95% is accomplished when compared to other

techniques.

Keywords: XG Boosting, Gray-Level Co-occurrence Matrix (GLCM), Fuzzy C—Means clustering,

Gaussian filter, orange fruit image.

1. Introduction: Oranges are a popular and
nutrient-dense citrus fruit that are renowned for
their juicy, segmented flesh and high vitamin C
content. Because they produce a variety of citrus
fruits, including tangerines, oranges, lemons, and
grapefruits, citrus plants are planted all over the
world and have significant economic value [1].
According to the Food and Agriculture
Organization (FAO) of United Nations -2022
projection, almost 50% of the 197,198 million
tonnes of citrus fruit will be produced in the
worldwide as orange [2]. Whereas, countries like
Spain, Brazil, and US produce about 34 million
tons of citrus fruits a year [3].

However, in the food sector, citrus fruits are a
flexible ingredient that is utilized to make a wide
range of products, including baked goods, jellies,
and juices. [4-5]. Moreover, Citrus production is
difficult for a number of reasons, including their
extreme sensitivity to cold weather, the need for
acidic soil, and their vulnerability to a number of
crop diseases. Citrus Greening, Anthracnose,
Citrus Black Spot (CBS), Citrus Canker (CC),
and Sweet Orange Scab are five prevalent
diseases that threaten citrus output [6-7].

To increase the size and diversity of dataset for
orange disease data augmentation is used.
Benefits like better model accuracy, less over
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fitting, and more generalization. Drawbacks of
data augmentation are noise being introduced,
and the necessity of technique selection [8].
Conversely, the decayed areas in orange fruit are
segmented using improved watershed
segmentation and global thresholding. It
segments the decayed areas in orange fruit
absolutely with good performance. Images with
complicated intensity distributions or different
lighting are difficult to distribute [9]. Although,
an early citrus fruit is detected using an improved
watershed algorithm. Over-segmentation and
noise sensitivity be reduced, ultimately producing
more reliable and accurate segmentation [10].

Whereas, to improve the classification
performance an orange fruit Multi-Class Support
Vector Machine (MC-SVM) is used. Low
performance in high-dimensional area and high
computational cost [11]. For orange fruit disease
classification a Hopfield Recurrent Artificial
Neural Network is used. A collection of patterns
is stored using Hopfield networks, which are then
extracting a complete pattern from a noisy image.
Computation and training be difficult,
particularly for large networks [12].

However to estimate and detect the orange fruit a
Multilayer Perceptron Neural Networks is used.
Provide quick detection after training and well in
large input data. Proper functioning of the model
depends on the quality of training [13].
Moreover, using Convolutional Neural Network
(CNN) the citrus or orange fruit disease is
detected. By combining several layers, the CNN
model extracts complimentary discriminative
characteristics. CNN have high processing
difficulties and problems with interpretability
[14-15]. To overcome this limitation of orange
fruit disease the proposed XG boost classifier is
used.

2. Related work

Syed-Ab-Rahman et al [16] (2022) have
proposed a Two stage Deep Convolutional
Neural Network (DCNN) for the detection and
classification of citrus disease. It maximizes
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disease detection plan, accurate and effective for
screening of orange diseases. The drawback of
this method is it needs large amount of labelled
data to calculate and it takes long time to train the
input data.

Momeny et al [17] (2022) have proposed a Deep
Convolutional Neural Network (CNN) model
with ResNet-50 model for detecting black spot
disease and ripeness levels in orange fruit. A
Deep Convolutional Neural Network (DCNN)
with ResNET-50 to classify healthy and diseased
orange and precise detection of diseases in
orange. DCNN with ResNET-50 have high
processing difficulties, lacking a portion of
labelled data.

Uguz et al [18] (2023) have proposed a new
Convolutional Neural Network (CNN)-based
model with Citrus Net, for the classification of
defective and deformed citrus fruits also a Mask
R-CNN models adequately detected the citrus
diseases. Using Mask R-C NN model orange
image improve the diagnostic accuracy and lower
the overall misdiagnosis rate. However, it is not
suitable for the real time application.

Dhiman et al [19] (2022) have proposed a Deep
Neural Network (DNN) with VGGNet to classify
the citrus fruit. DNN model is used to detect
specific parts of the disease with its severity
degree.  However, training  period is
computationally costly and demands a large
amount of processing power.

da Silva et al [20] (2023) have proposed a You
Only Live Once (YOLO) and Faster Region-
Convolutional Neural Network (Faster R-CNN)
detects the fruit on trees. Faster R-CNN reduces
computational requirements, making it possible
to employ low-footprint models involving both
detection and classification. It is more difficult
for YOLO to precisely locate things in complex
surroundings or situations with overlapping
objects.

The work's contributions include the following:
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e Gaussian filter is utilized to smoothen the
image and remove noise from the input
orange images, enhancing image quality for
analysis.

e Fuzzy C-means clustering is employed to
segment orange fruit images, fuzzy partition
for better feature extraction and analysis.

e GLCM is employed to structure and texture
the features from the segmented orange fruit
images for its properties.

e A XG Boost based framework is proposed, to
classify the featured orange fruit image for
identification.
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3. Proposed work

The proposed block diagram in figure 2 shows
the orange fruit disease classification. Firstly, the
input image is given to the preprocessing step
were a Gaussian filters smoothen image and
reduces noise for good quality image. Secondly,
the segmentation process uses the Fuzzy C-
means clustering for segmenting orange fruit
image. Thirdly, by using GLCM feature
extraction technique the segmented image are
featured by its properties.

FEATURE
EXTRACTION

H

Figure 2: Block diagram of proposed work

Finally, featured image is given to the
classification process were a proposed XG Boost
is used for classifying the orange image. The XG
Boost have boost trapping the trees which is used
to classify the orange image for getting better
accuracy when compared to the other techniques.

3.1 Pre-processing using Gaussian filter

The Gaussian filter is used to denoise the orange
image since the noise affects it. According to
Gaussian theory, the noise image is smoothed out
and the filter functions as a kind of local filter
with linear. A frequent procedure in computer
vision and image processing is the Gaussian

principle filter. It pays less attention to the
image's edges and features as compared to other
filters. The Gaussian filters have a respectable
effect on denoising that conforms to the normal
distribution. It accurately forecasts the image
fixation.

1 —(u2+v2)
—_— 2
2x3.14*x02 e e (1)
Where, wu indicates wu coordinate value,

vindicates v coordinate value and o stands for
standard deviation, 3.13 indicates mathematical
constant Pl. Following, to filtering technique
segmentation is carried out using Fuzzy C-Means

clustering.
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3.2 Segmentation by Fuzzy C-Means
clustering

Fuzzy C-means (FCM) is a clustering technique
which is separated from hard k-means that
employs hard partitioning. The FCM employs
fuzzy partitioning such that a data point belong to
all groups with different membership grades
between 0 and 1.FCM is an iterative algorithm.
The aim of FCM is to find cluster centers
(centroids) that minimize a dissimilarity function.
This algorithm is employed for distance-based
analysis of different input data points. The
distances between the data points are used to
create the clusters and each cluster have its own
cluster center. Figure 3 and 4 shows the hard and
soft clustering.
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Figure 4: Soft clustering

3.3 Steps in the algorithm for fuzzy C-Means
clustering

After choosing a value for parameter "m," we
must initialize the partition matrix U(0) and fix
c, where c equals (2 <= ¢ < n). This algorithm
will designate each step as "r,"wherer =
0,12,..

1) Determine the c center vector {V;;} for every

step.
Y= (i)™ X

= 2
Vi k=1 (i)™ (2)

2) Evaluate the distance matrix Di
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If ||JUK+D — y®|| < § end; if not, must go back
to step 2 and update the cluster centers and
membership grades for the data points iteratively.
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MATRIX p(i,k)

Figure 5: Flow chart of Fuzzy C-Means clustering
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The cluster centers are iteratively moved to the
proper location within a dataset using FCM.
Following, to segmentation technique feature
extraction is carried out using GLCM.

3.4 Feature extraction by GLCM

The Grey-Level Co-occurrence Matrix (GLCM)
feature, which uses the distance among two
pixels in an image to define its value in the
orange fruit images. Whereas a coarse texture
region changes more slowly, a fine texture region
fluctuations more quickly. In order to extract the
texture features, first choose the grayscale images
that have additional image information, following

their extraction from grayscale images, the
texture indices were chosen as texture
characteristics based on their strong correlations
with image. The GLCM intentions in dissimilar
window sizes (division: pixel x pixel) were used
to quantitatively describe the texture statistical
attributes, such as the dissimilarity, entropy,
second moment, mean, variance, homogeneity,
contrast, and correlation, as well as to quantity
the texture thickness, similarity, contrast,
uniformity, or regularity of GLCMs in rows or
columns. Figure 6 shows the basic GLCM
feature.
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Figure 6: Basic GLCM features

3.4.1 Algorithm of GLCM feature for orange fruit
images

I. The first step is to change the color image to
grayscale.

ii. A 5x5 filter is applied to the input orange
image.

iii. The filter image is divided into 4x4 pieces.

iv. GLCM Characteristics Energy, standard
deviation, mean value, homogeneity, and
contrast are defined for each block. The
computation of these properties is done in
four directions: horizontal (90°), vertical (0°),
and diagonal (45° and 135°).

v. Features Extracted: Followed by this a featured
image is given to the classification step to
classify the orange fruit disease images.

3.5 Classification by XG Boost

The proposed XGBoost (Extreme Gradient
Boosting) model solve both regression and
classification issues. Gradient Boosting, an
ensemble learning method, is the foundation of
XGBoost. Ensemble learning is the process of
combining several weak predictors, like decision
trees, to create a stronger model. The way
gradient boosting operates is by training weak
predictors one after the other, each of which
attempts to fix the mistakes of the one before it.
The XGBoost algorithm's default parameter
settings were used in this investigation. To
increase predicting accuracy of orange fruit
disease, XGBoost combines several weak
classifiers (Tree 1-t) into a single strong
classifier. For instance, in regression, every
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XGBoost tree (apart from tree 1) learns the loss
(negative gradient) of the sum of the outcomes of
all earlier trees. The true value can be

continuously approached by adding the loss value
to the previously predicted value. Figure 7 shows
the proposed XG boost classifier.
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Figure 7: Proposed XG Boost

The algorithm sorts the greatest use of memory
assets and is very effective in reducing
computation time. It takes the distinct ability to
boost on extra data that has already been
contributed to the trained model, allows parallel
structure in tree construction, and capable of
handling missing information. Because it
addressed the mainstream of the issues that arose
from the previous models, XGBoost is selected.
XGBoost is well-suited to identify and handle
missing values. At this time, resultant to the
condition at the layer, the data splits up into
aggregating. To refine the parameters of XG
Boost Classifier the proposed work is classified.

3.6 Result and discussion

The aim of this work is to classify the four
classes of image. Dataset is taken from
kaggle.com for fruit disease analysis. Deep
learning models are then applied to train orange
disease dataset.
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Figure 8: Train and Test dataset counts

Figure 8 shows the train and test dataset counts
for orange fruit disease. Here total number of
images used is 380 and four classes of labels are
black spot canker, fresh, greening. The four
classes’ labels are trained using the orange
disease dataset. The train and test image for black
spot is 180 for train and 200 for test, for canker
the train images is 170 and 190 images for test,
for fresh 280 images for train and 310 for test
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images at last for greening 340 for train and 360
for test.

INPUT IMAGE

Figure 9: Input image

Figure 9 shows the input orange fruit image. Here
the input image is taken from the orange disease
dataset. Using the image processing techniques
the input image is processed.

Sample Images from Different Classes

blackspot blackspot

canker

Figure 10: Sample images from different classes

Figure 10 shows the sample images from
different classes. Here four classes of orange fruit
image are blackspot, canker, greening and fresh.
The samples images are taken from the orange
disease dataset.

Original Image Resized image

‘ ‘

Figure 11: Resized image

Figure 11 shows the original image to be resized.
Here the input original image is taken from the
orange disease dataset which is resized using
image resizing technique.

Gaussian filter Image

Grayscale Image

Figure 12: Gaussian filter image

Figure 12 shows the Grayscale image to Gaussian
filter image. Here the noises are removed and
smooth’s the gray image using Gaussian filtering.

Gaussian Filter Fuzzy C-Means Image

Figure 13: Fuzzy C-Means clustering

Figure 13 shows the Fuzzy-C means clustering
applied to orange image. Here the Gaussian filter
remove noise and given as an input to the fuzzy-
C means clustering to cluster the orange image.

Table 1: GLCM properties

GLCM properties Values
Contrast 0.0698
Dissimilarity 0.0455
Homogeneity 0.9796
Energy 0.6760
Correlation 0.9375

Table 1 shows the Grey Level Co-occurrence
matrix for the orange fruit image. The GLCM
features for the orange fruit are calculated with
their properties that are contrast, homogeneity,
energy and correlation is in table 1.

3.7 Performance metrics
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By examining accuracy, precision, sensitivity,
specificity, Area Under the Curve (AUC),
classification with "positive” and "negative"
labels, the performance of each classification
model in this study explained in table 2.

Table 2: Performance metrics

Performance metrics Formula
Accuracy M
TS
Precision ﬂ
TP + FP
Recall (TP)
(TP + FN)
1 (2 * Precision * Recall )
score (Precision + Recall)
MODEL ACCURACY

0.95

0.90

ACCURACY
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Figure 14: Model accuracy

The model Accuracy graph in figure 14 illustrates
increasing accuracy of 95%, with the model
achieving high performance and minimal over
fitting.
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Figure 15: Model loss
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The model Loss graph figure 15 shows a reliable
decline in training and validation loss,
representing improved learning and reduced
error. The X-axis denotes the epochs and y-axis
is loss. The validation loss is constant still 8
epochs, the training loss is going on decreasing
and then constant.

Confusion Matrix
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canker fresh grenning
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blackspot

Figure 16: Confusion matrix for proposed XG
Boost

Figure 16 illustrates the confusion matrix for
proposed XG Boost. This matrix shows the
values for true and predicted labels. Confusion
matrices are commonly used to evaluate the
performance of classification models, particularly
those tasked with predicting categorical labels for
input instances. Here the four classes of orange
disease image for blackspot is 19, canker is 20,
fresh is 33 and greening is 22 are matrixes.
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Figure 17: ROC curve for multi-class
classification
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According to the AUC results shown in Figure
17, the orange disease dataset significantly
lowers the AUC value of XG Boost, the sub-
optimal model on datasets, to 0.98 for black spot,
0.98 for canker, 1 for fresh and 1 for greening. In
comparison, the suggested XG Boost continues to
have the highest AUC value of 1, demonstrating
the exceptional overview and flexibility of this
approach.

3.8 Comparison for the proposed method

The comparison of the proposed method with
existing method is presented in table 3. The MC-
SVM have the classification accuracy of 93.74%
[11] , CNN have the classification accuracy of
93.8% [15] and CNN have the accuracy of 94.5%
[14] The proposed XG Boost have the higher
accuracy of 95% compared to the existing
method in table 3. The proposed XG Boost have
better performance.

Table 3: Comparison for the proposed method

Study Method Accuracy
Khan et al [11] MC-SVM 93.75%
Zeeshan et al. [15] CNN 93.8%
Khattak et al.[14] CNN 94.5%
Proposed approach | XG Boost 95%

Comparison of Performance Metrics
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Figure 18: Comparsion of performance metics

The Precision and recall value for classifiers
CNN and the proposed is presented in Figure 18.
The CNN have the value of 98% and 94.8% [15]
and proposed XG Boost methods have the
precision value of 100% and recall of 100%
respectively.

4. Conclusion

In this study, XG Boost is proposed for the
classification of orange fruit disease. The
integration of  advanced preprocessing
techniques, such as resizing, grayscale
conversion, Gaussian filtering, ensures that the
input images are optimized for segmentation. The
use of approximate Fuzzy C-means clustering for
segmentation further enhances the precision of
identifying partition data in the images.
Additionally, the GLCM feature analyzed the
properties.  The  performance evaluation,
conducted on the orange disease dataset,
demonstrates the superior abilities of the XG
Boost related to existing methods. The improved
accuracy of 95% is achieved as a higher accuracy
when compared to the existing techniques.
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