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Recognizing and classifying diseases in guava is crucial for managing farms
to keep crops healthy and increase harvest quality. Cultivators face the most
severe challenges when it comes to recognizing and diagnosing guava fruit
and leaf illnesses, a task that is nearly impossible to perform manually. This
research focuses on developing a robust disease identification model using
image data collected locally from guava trees. After data collection, various
image processing techniques, including scaling and contrast enhancement,
are utilized to make the data more suitable for use. K-means clustering is
employed to quickly divide the images into groups, followed by the
extraction of important characteristics. Two separate feature ranking
approaches, analysis of variance (ANOVA) and least absolute shrinkage
selection operator (LASSO), are used to select the best characteristics,
identifying the 10 most important attributes. The adaptive boosting
(AdaBoost) classifier achieves the highest accuracy among six classifiers for
the top seven characteristics indicated by LASSO among the specified
features. To enhance the model’s interpretability, two explanation methods,
local interpretable model-agnostic explanations (LIME) and shapley additive
explanations (SHAP), are employed to illustrate how the classifier reaches
its conclusions. This approach not only simplifies disease identification but
also clarifies the reasoning behind predictions, opening the door to real-
world applications in detecting and preventing dangerous diseases.

This is an open access article under the CC BY-SA license.

©00

Corresponding Author:
Md. Mehedi Hasan

Department of General Education, Faculty of Digital Transformation Engineering

University of Frontier Technology
Kaliakoir, Gazipur-1750, Bangladesh
Email: mehedi0001@ufth.ac.bd

1. INTRODUCTION

Guava (Psidium guajava) is one of the most widely cultivated tropical fruits, contributing
substantially to global agricultural output and trade. In 2024, the annual global production of guava was
estimated at nearly 55 million tonnes, with India alone accounting for 45% of the total [1]. In most cases,
human beings have been the ones to grow the guava seedling. There are instances in which the seeds of the
guava have been dispersed by birds and other creatures with four feet for such a long period of time that their
origin is unknown. Nevertheless, it is thought to be a region that ranges from the southern part of Mexico into
Central America or via Central America. It is not uncommon to come across guava bushes in all warm
regions of tropical America, as well as in the West Indies (since 1526), the Bahamas, Bermuda, and southern
Florida. It is said to have been first implemented in the year 1847, and by the year 1886, it had spread
throughout more than half of the state [1]. Beyond its economic importance, guava holds nutritional and
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medicinal value, making it a vital crop for both farmers and consumers. However, guava production is highly
vulnerable to plant diseases, which threaten crop yield, reduce quality, and ultimately impact farmers’
livelihoods and the agricultural economy. Timely and precise detection of guava diseases is crucial to
minimize crop losses and ensure sustainable production.

It is possible to consider artificial intelligence (Al) and data-driven methodologies to be the
contemporary equivalents of the experimental component of the scientific method, which entails the
methodical collection of data, the examination of patterns, correlations, and the establishment of links
between events that have been observed [2]. Al systems recapture this process by recognising patterns and
generating predictions only based on data that has been seen, which is accomplished via the use of machine
learning (ML) algorithms. The association process that is intrinsic to Al is often lacking in transparency,
which makes it difficult for humans to appreciate how judgments are arrived at by these systems. The black
box aspect of many Al models raises questions about accountability, justice, and trust. As Al becomes an
increasingly driving force in decision-making across a variety of sectors, the need for explanations that are
both visible and understandable for these connections becomes of the utmost importance.

This research aims to develop and assess an automated system to aid farmers in identifying guava
diseases by prompt detection and analysis, thus averting substantial agricultural losses. A system that is easy
to use and set up could improve guava production, which is a major contributor to global gross domestic
product (GDP) through large-scale exports, while also solving longstanding problems in agriculture. The
proposed method lowers the chance of widespread harm by making it easier to find infections early on. It
also gives advice on safe growing practices and, in the end, helps increase profits by optimizing growth
circumstances.

This study is mostly on explainable Al (XAl). ML has emerged as a very successful methodology
for pattern recognition in extensive and intricate datasets; nevertheless, its deficiency in interpretability
hinders its implementation in essential sectors such as agriculture. ML has already shown promising results
in diagnosing plant diseases [3]. Algorithms made for automatic disease detection can give useful hints that
help find problems early on, making it easier to treat and manage them quickly. However, traditional disease
detection still relies heavily on expert botanists looking at plants, which is costly, takes a lot of time, and isn’t
always effective.

The main goal of this research is to use six distinct ML models in an image-based framework to tell
the difference between healthy and defective guava leaves and fruits. To accomplish this, different image
processing methods were used before disease segmentation and feature extraction. Also, two methods for
selecting features were used to rank and prioritize them, which made the model more accurate and efficient.
Lastly, XAl methods were used to explain the predictive results, which made the model’s decision-making
process clear and ensured the proposed system was reliable. The rest of this paper is structured as: section 2
reviews related work in detecting guava diseases and ML. Section 3 describes the proposed framework and
methodologies. Section 4 presents the experimental setup and results, followed by a discussion in section 5.
Finally, the paper concludes with future research directions.

2. LITERATURE REVIEW

In the modern day, the majority of research on ML and deep learning is mostly concentrated on
agricultural problems since this industry makes a significant contribution to the economy of the whole globe.
On the other hand, there is a limited amount of study on the disease identification of fruits like guava, mango,
jackfruits, and so on. For the purpose of identifying guava leaf disease, Howlader et al. [4] developed a deep
convolutional neural network (DCNN)- model. For the purpose of developing the model, 2705 photos
illustrating four different diseases were used. It was during the training and testing phase that they used 25
epochs that they attained an accuracy of 98.74% and 99.43% respectively.

The identification of plant leaf disease was accomplished by Geetharamani and Pandian [5] via the
development of a model that used a nine-layer convolutional neural network (CNN) architecture. Both the
Plant Village dataset and the Kaggle dataset were used by them. The Kaggle dataset had 55448 photos of 13
different plant leaves that were categorized into 38 different groups. Comparing the suggested model with
other classification methods such as support vector machines (SVM), logistic regression (LR), decision trees
(DT), and k-nearest neighbors (KNN) classifiers revealed that the CNN-model performed the best, with an
impressive prediction accuracy of 96.46%.

Turkoglu et al. [6] presented a multi-model pre-trained CNN model for identifying Apple illness
and pests. The model used the AlexNet, GoogleNet, and DenseNet201 models, and it was trained on 1192
pictures that depicted four prominent apple diseases. With a score of 96.10%, the DenseNet201 achieved the
greatest accuracy score among the models that were applied. For the purpose of evaluating the effectiveness
of deep learning approaches in detecting sweetness and quality, Jupudi [7] used an image classification
system on an orange. Even though the source of the dataset was not disclosed, the objective of the research
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project was applied to a total of five thousand images. The model was trained using SVM, AlexNet, stacked
autoencoder (SAE), and kernel sparse stacked autoencoder (KSSAE), with KSSAE reaching the highest
possible accuracy of 92.1% throughout the course of the training process. DenseNet201 seems to have the
most outstanding performance, as seen by its score of 96.1% from the total.

A deep residual network (ResNet) that utilizes a contrast enhancement and transfer learning strategy
was suggested by Trang et al. [8] in order to recognize mango illness. With an accuracy rate of 88.46%, the
proposed algorithm was able to properly detect three prevalent ailments based on a total of 394 images. It
was suggested by Nikhitha et al. [9] that the Inception V3 model be used for the processes of illness detection
and fruit identification. Bananas, apples, and cherries were selected as disease detection targets, and the
Inception V3 model was applied only to these fruits. GitHub was the source of this information as well.

A DCNN was proposed by Ma et al. [10] for the purpose of symptom-wise diagnosis of four
cucumber disorders. The network achieved a recognition rate of 93.4%. Preprocessing and classification are
two examples of well-known image processing processes that are used in the method that was presented by
Prakash et al. [11] for the purpose of identifying illnesses that affect leaves. An evaluation of the offered
method is carried out on a collection of sixty images, of which thirty-five are cancerous and twenty-five are
benign, with an accuracy rate of 90%. The K-means clustering method is used to segment the disease-
affected region, and then the gray-level co-occurrence matrix (GLCM) algorithm is used to extract features
from the segmented area. After the feature vector has been formed, it is next categorized by utilizing the
SVM classifier. With the use of 688 images, Al Buhaisi [12] was able to determine the kind of pineapple by
using the VGG16 model. A hundred percent accuracy was achieved by the trained model, and it is quite
probable that this dataset was overfitting; otherwise, the accuracy would not have been achievable.

A diagnostic technique that utilizes deep learning was described by Elleuch et al. [13]. During this
investigation, they made use of their recently developed dataset, which included five different kinds of plant
data. As part of the training process for their model, they used transfer learning architecture using VGG-16
and ResNet. t. In order to evaluate the validity of this model, they compared the suggested model to both
actual data and data that contains augmentations. With the use of transfer learning, VGG-16 progressively
gave results that were both promising and realistic in terms of accuracy, with 99.02% and 98.35%
respectively.

An approach to the identification of guava illness that is based on computer vision was developed by
Elleuch et al. [13]. This approach makes use of three CNN-based models with distinct optimizers. On the
other hand, they do not specify any trustworthy online sources for the data that was acquired. Both the
dropout value and the third optimizer showed remarkable accuracy when the dropout was 50%, which was
96.1%. A DCNN based technique was presented by Mostafa et al. [14] for the purpose of detecting guava
illness. This approach used five different neural network network architectures. The dataset that they utilized
was one that was acquired locally in Pakistan. Having achieved an accuracy rate of 97.74%, the classification
result demonstrated that ResNet-101 was the model that was the most suitable for their purpose.

An application of nine important classifiers was proposed by Habib et al. [15] for the purpose of
developing a machine vision-based disease detection system for the purpose of identifying illness in three
different species of fruit, namely guava, papaya, and jackfruit. When it came to recognizing illnesses that
affect guava and jackfruit, the random forest (RF) classifier achieved the best accuracy, with a rate of 96.8%
and 89.59%, respectively. From the above analysis it can be said that most of research on guava diseases
recognition has been performed using ML or deep learning classisifier. There is not any research on feature
selection and XAl based implementation which is our motivation to work with.

3. METHOD

Diseases that affect guava fruit may be classified using a variety of methods, each of which is
further subdivided into a great number of categories. The first thing that we did was go out into the field and
capture the image. Before beginning this inquiry, the second step is to do some preliminary processing on the
data. Furthermore, by using GLCM and statistical feature extraction, we were able to extract thirteen distinct
characteristics from one picture. There are two distinct features selection procedures that are used in order to
ascertain the mutual score of each feature. These strategies include analysis of variance (ANOVA) and least
absolute shrinkage selection operator (LASSO). Following the completion of the process of selecting
features, the top ten features were selected for further examination. Contrast (CON), correlation (COR),
skewness (SKEN), kurtosis (KTS), variance (VAR), standard deviation (STD), entropy (ENT), energy
(ENG), mean (MN), and homogeneity (HGN) are some of the qualities that are included in this category.
After that, we divided the dataset into two halves, applied algorithms, and used seven different performance
assessment indicators to evaluate each technique. The overall working procedure is presented in Figure 1.
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Figure 1. Working procedure for guava disease classification

3.1. Data description

In this research, the Samsung S24 smartphone equipped with a main camera that has a resolution of
50 megapixels, a storage capacity of 128 gigabytes, and 8 gigabytes of random access memory (RAM) was
used to collect the images as well as for the image acquisition process. 239 disease-free images and 287
disease-affected images are among the total of 526 guava images that have been gathered from the guava
field. The overall data distribution is depicted in Table 1.

Table 1. Data frequency for acquisition of image
Class Binary  Num. of images Sample image
Disease-affected 1 287 . Vi

Disease-free 0 239

Total 20 526

3.2. Image preprocessing

Image preprocessing is essential for effective computer vision tasks. Initially, our images were
captured at a resolution of 2160x2160 pixels and resized to 300x300 pixels using the bilinear interpolation
method [16], which calculates pixel values in the compressed image by interpolating distances between four
neighboring pixels using the formula U(x) = 1 — |x| for |x| < 1 and 0 otherwise. Some images contained
noise, which was addressed using a Gaussian filter to enhance quality via gamma correlation, followed by
histogram equalization to improve contrast [17]. This process normalizes the image intensity range (0 to 1),
transforming the intensity distribution density function p(x) to a uniform density of one post-equalization.

3.3. Segmentation

This research used the K-means clustering algorithm, supplemented by boundary and spot detection
techniques, to segment the pictures [18]. The 8-connected pixel approach is utilized for boundary detection.
Euclidean distance is employed for K-means clustering in this instance. The K-means clustering technique
primarily assigns each pixel in the image to the cluster with the minimum distance from the cluster’s
centroid, subsequently performs color segmentation on the image, and ultimately selects the cluster that
exclusively contains regions of interest (ROIs). We have used the K-means clustering approach to segment
guava image data into smaller pieces in this paper. K-means is an unsupervised method used to find separate
groups in the data based on how similar the data is. This is one of the most used clustering algorithms, where
k stands for the number of clusters. We have chosen k = 3 for this task to segment an image, which means that
it will find 3 groups in the image. The K-means clustering algorithm works well on a limited set of data [19].
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3.4. Extraction of relevant features

Images are represented as large pixel matrices, from which dimensionality can be reduced through
feature extraction [20]. In this research, thirteen features were extracted, including GLCM measures and
statistical descriptors: CON, COR, SKEN, KTS, VAR, STD, ENT, ENG, MN, HGN, root mean square
(RMS), smoothness (SM), and inverse difference moment (IDM). For two pixels at z(x,y) separated by
distance d and angle a, the GLCM can be defined as:

QU.k.d,a) = {(ay,b1),(az,b;) € S X T+ d,a,z(ay,by) = j,z(az by) = k} @

In this formulation, Q(j, k) represents the (j, k) — th element of the computed GLCM, ¢, is the
number of gray levels, and p,, p,, gy, o, are the means and standard deviations of row and column sums. The
main GLCM-based features are defined as:

CNT = 5,8 5090 (k= D2Q (k. ), 2
CRL — Z;golZ,ig Olajxl; f(l J)- ﬂxﬂy’ 3)
EG = %25 00, k)2, @)
ENT = - 3,2 29" 0, k)log Q. ko), 5)
HGN = 3,0, 50! 13((,-1'_";))2' (6)
IDM = 3, T 725 (7)

In addition to GLCM features, statistical descriptors were extracted. For a set of pixels with
intensity Px, MN, STD, VAR, KTS, and skewness (SKEN) are defined as:

ZP" Gn (8)
P
STD = zn;‘l(;:n—c)z ©)
X
VAR = Pixzﬁ’;l G, — C)? (10)

T % (Gr=0)*
KTS =2t~ 3 (11)
(5o ZnZ1(6n=0)?)

-G

SKEN = UT (12)

Here, C is the mean intensity, G the pixel count at a given intensity, and Q the normalization factor. These
measures characterize intensity distributions in both defective and defect-free regions of grayscale images.

3.5. Description of feature selection techniques

Feature selection was applied to retain relevant attributes and remove redundancy [21]. The methods
used for ranking features were ANOVA and LASSO. All three metrics such as RMS, smoothness, and IDM
are amplitude-based measures of the same underlying surface signal, often linearly related or derived from
squared deviations. Unless the surface profile varies widely in frequency content, they will respond almost
identically [22] and were excluded, leaving the top ten features: CNT, CRL, SKEN, KTS, VAR, STD, ENT,
EG, MN, and HGN.
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3.5.1. ANOVA
ANOVA is a statistical method that is used to investigate whether there is any equal variation among
groups of categorical variables that pertain to numerical response. ANOVA can be represented by (13):

__ SSB/(K-1)
T SSW/(n—K) (13)
ANOVA tests whether group means differ significantly (13), where SSB and SSW are the between-group
and within-group variances, K is the number of classes, and n is the sample size [23].

3.5.2. LASSO
LASSO is a regression-based feature selection technique that penalizes the sum of absolute
coefficient values to prevent overfitting (14), with « as the regularization parameter [24].

Minimize=2;||}’—Xw||2‘|'C¥||‘U||1 (14)

Nsamples

3.6. Classifier training and testing

In this section, three splitting ratios of the dataset, such as train (60%), validation (20%), and test
(20%), are used. Training data is used for training a ML model, where test data evaluates the efficiency of
each model. Comparing the performances of various trained models is measured with the validation data.

3.7. Hyperparameter tuning

A type of parameter whose value is determined prior to algorithm training is known as a
hyperparameter. Fine-tuning a parameter is a well-used technique for upgrading the accuracy of the ML
model. In this research, Table 2 includes all the employed algorithm’s hyperparameter values. Here, LBFGS
means limited-memory Broyden—Fletcher—Goldfarb-Shanno, gini refers to gini impurity, and radial basis
function (RBF).

Table 2. Hyperparameters of classifiers used for guava disease recognition

Model Hyperparameter Value
AdaBoost  n estimators 100
Min samples leaf 1
Criterion Gini
Min samples split 2
Max features Square root (sqrt)
DT Min samples leaf 1
Criterion gini
Min samples split 2
KNN n neighbors 5
Weight Uniform
Algorithm Auto
Leaf size 30
P 2
Metric Minkowski
SVM C 1
Kernel RBF
Gamma Scale
RF n estimators 100
Min samples leaf 1
Criterion Gini
Min samples split 2
Max features Auto
LR C 1
Max_iteration 1000
Solver LBFGS

3.8. Description of utilized XAl techniques

XAl is crucial for elucidating Al model functionality, anticipated impacts, and potential biases,
ensuring accuracy, fairness, and transparency in Al-driven decision-making. In this article, two most
effective explainable techniques LIME and SHAP are used. LIME and SHAP are model-agnostic XAl tools
that differently attribute a single prediction to its input features. While LIME builds a simple, interpretable
surrogate (often a sparse linear model) around the specific instance by perturbing its features and weighting
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nearby samples, yielding quick, human-readable local importance scores that can vary with perturbation
choices. Essentially, LIME perturbs the input features around a given sample and learns a local linear
approximation of the black-box model, from which it derives feature importance for that particular prediction
[25]. SHAP uses game-theoretic Shapley values to distribute the prediction (relative to a baseline) fairly
across features, offering consistent attributions that sum to the prediction difference and scaling efficiently
for tree models via TreeSHAP, though it depends on the chosen background data and can be computationally
heavier. SHAP considers all possible combinations of features and allocates credit in a manner that is fair and
mathematically rigorous, ensuring that the sum of attributions equals the difference between the prediction
and the dataset baseline [25]. In short, LIME is suitable for fast, approximate local insight, and SHAP is more
suitable for principled, additive attributions of both local and global analysis.

3.9. Performance evaluation metrics

Performance evaluation matrices are essential for evaluating the performance of a model. In this
research, 7 performance matrices such as accuracy (ACC), sensitivity (SEN), specificity (SPE), false positive
rate (FPR), false negative rate (FNR), F1-Score, and Precision are used. All the equations from (15) to (21)
are used.

ACC = %) x 100% (15)
SEN = (T:’FN) x 100% (16)
SPE = (——) x 100% (17)
FPR = (Fpi PTN) x 100% (18)
FNR = (TPFfFP) x 100% (19)
Precision = (TPT+PFP) X 100% (20)
F1 - Score = (2 x %) x 100% (21)

4. RESULTS AND DISCUSSION

The gathering of image data was the first stage in the process of achieving the work with the
identification of guava illnesses. Upon the end of the picture collection process, the images that have been
acquired are subsequently scaled to a resolution of 300x300 pixels. Increasing the contrast of the pictures that
are shown in Figure 2 is accomplished by the use of the mapping of colour intensity. After then, the colour
pictures are divided up into a number of different clusters. The K-means clustering algorithm, which is seen
in Figure 3, is used in order to carry out this segmentation. It has been shown that K-means clustering is
superior to other techniques that are used for segmentation. In order to get the feature vectors that are shown
in Figure 4, we extracted them from each cluster. Following the conclusion of the segmentation process, we
retrieved feature vectors from each segmented image. These feature vectors were then used for the training of
the classifiers. ANOVA and LASSO are the two feature-selection approaches that are used once the feature
extraction process has been completed. These techniques are utilised to establish the relevance of features by
taking into consideration the rank values of the features.

Upon completion of the feature selection, we discovered that three characteristics (RMS,
smoothness, IDM) had values that are almost identical to one another. As a result, we exclude these features
based on the feature ranking score in order to resolve the duplication concerns, and we ultimately choose the
top 10 features to conduct this research. Both the ANOVA and LASSO feature selections are represented by
their respective mutual scores in Tables 3 and 4.
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Figure 4. Sample of extracted features
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Table 3. Feature rankings and scores for ANOVA Table 4. Feature rankings and scores for LASSO
feature selection feature selection

Ranking Feature  Score  Ranking Feature  Score Ranking Feature  Score  Ranking Feature  Score
1 HGN  0.1472 6 COR  0.0846 1 STD 1 6 SKEN  0.3281
2 CON 0.13 7 MN  0.0842 2 HGN  0.9360 7 ENT  0.1759
3 VAR  0.1237 8 SKEN  0.0814 3 CON  0.7206 8 ENG  0.1101
4 STD  0.1153 9 KTS  0.0729 4 MN  0.6532 9 COR  0.0882
5 ENT 0.09 10 ENG  0.0708 5 VAR  0.6450 10 KTS 0.01

The performance of six classifiers has been calculated using the confusion matrix. Table 5 provides
the performance metrics for six classifiers with 10 features. From Table 5, it can be claimed that the highest
accuracy is 80.19%, which is obtained by the SVM classifier. On the other hand, the lowest accuracy is
72.64% achieved by the AdaBoost classifier. It is claimed from many research articles that an odd number of
feature selection works well in prediction. Also, from the correlation heatmap shown in Figure 5(a), which
applies the ANOVA technique, and Figure 5(b), which applies the LASSO technique, together with the
LIME and SHAP feature extraction technique shown in Figure 6(a) and (b) we select the top seven (7) and
nine (9) features. In addition, the top seven and nine features that were gained via the use of ANOVA feature
selection approaches are utilized to train and test the classifier that is shown in Table 6. It can be seen from
Table 6 that the RF classifier achieves the maximum accuracy of 87.74% for the top seven characteristics
under consideration. On the other side, the DT classifier achieves the lowest accuracy, which is 72.64%. At
some point in time, the assessment metrics for other classifiers will be sufficiently accurate to constitute the
outcome of the top feature set. Another feature set is also manipulated by applying LASSO feature selection
techniques. Table 7 depicts the overall evaluation metrics for six classifiers. From Table 7, it is claimed that
most of the classifier’s accuracy is well enough compared to the ANOVA feature selected set. The highest
accuracy is found for the AdaBoost classifier, which is 88.68%. Whereas the lowest accuracy is 73.58%, that
obtained by KNN.

Compared to the feature set outcomes, it is said that the best performance is achieved by the
AdaBoost classifier by utilizing the top 7 feature sets obtained by LASSO feature techniques. The greatest
area under the curve (AUC) value for the ANOVA was 0.93 for AdaBoost and RF, which was a sufficient
amount. Additionally, the LR, SVM, and KNN classifiers wereable to reach the greatest results, which were
0.86, 0.85, and 0.81 respectively. Last but not least, the lowest AUC value that can be reached using DT is
0.73 for all of the models that are applied. In the LASSO algorithm, the logistic AdaBoost classifier was able
to obtain the highlighted AUC value of 0.93, which is indicative of its high level of discriminating. A number
of other classifiers, including RF, LR, SVM, and KNN, also performed well, with AUC values of 0.92, 0.86,
0.85, and 0.81 respectively. Among all of the models that were evaluated, the DT had the lowest AUC value,
which was 0.75.

Table 5. Performance metrics of different algorithms using 10 features
Algorithm  ACC (%) SEN (%) SPE (%) FPR (%) FNR (%) Fl-score (%) Precision (%)

LR 78.30 90.38 66.67 33.33 9.62 80.34 72.31
KNN 74.53 80.77 68.52 31.48 19.23 75.67 71.19
DT 75.47 75.00 75.93 24.07 25.00 75.00 75.00
AdaBoost 72.64 92.31 53.70 46.30 7.69 76.80 65.75
RF 79.25 88.46 70.37 29.63 11.54 80.74 74.19
SVM 80.19 96.15 64.81 35.19 3.85 82.60 72.50
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Figure 5. Correlation heatmap using: (a) ANOVA and (b) LASSO techniques

TELKOMNIKA Telecommun Comput EI Control, Vol. 24, No. 2, April 2026: 574-587



TELKOMNIKA Telecommun Comput EI Control a 583
High
Homogeneity | Homogeneity A TR

skewness | Skewness R S L R
[
standard_peviation | ‘e . ¢
. Standard_Deviation - ke d + 5

Entropy - Entropy P— F .
Mean Mean l
0.000 0.025 0050 0075 0100 0.125 0.150 0175 06 -04 -02 00 02 04 tow
mean(|SHAP value|) (average impact on model output magnitude) SHAP value (impact on model output)
(@ (b)

Figure 6. Model explainability visualized using: (a) LIME and (b) SHAP techniques

Table 6. Performance metrics for different algorithms using 7 and 9 features with ANOVA selection technique

Feature number  Algorithm  ACC (%) SEN (%) SPE (%) FPR (%) FNR (%) Fl-score (%) Precision (%)
7 Features LR 76.42 80.95 69.76 30.23 19.05 80.31 79.69
KNN 73.58 76.19 69.77 30.23 23.81 74.42 78.69
DT 84.13 84.13 76.44 23.56 15.87 84.13 84.13
AdaBoost 85.85 95.24 72.09 27.91 4.76 88.00 82.76
RF 87.74 95.24 79.07 20.93 4.76 91.67 88.46
SVM 80.19 87.30 72.09 27.91 12.69 85.90 85.29
9 Features LR 80.19 82.54 76.74 23.26 17.46 81.82 81.82
KNN 73.58 76.19 69.77 30.23 23.81 74.42 78.69
DT 72.64 76.19 67.44 32.56 23.81 71.70 77.42
AdaBoost 85.85 88.89 81.39 18.61 1111 88.89 88.89
RF 83.02 88.57 77.91 22.09 14.28 85.71 85.71
SVM 80.19 87.30 69.77 30.23 12.67 80.87 80.88

Table 7. Performance metrics for different algorithms using 7 and 9 features with LASSO selection technique

Feature number  Algorithm  ACC (%) SEN (%) SPE (%) FPR (%) FNR (%) Fl-score (%) Precision (%)
7 Features LR 81.13 84.13 76.74 23.26 15.87 84.13 84.13
KNN 73.58 76.19 69.77 30.23 23.81 77.42 78.69
DT 75.47 79.37 69.77 30.34 20.63 79.37 79.37
AdaBoost 88.68 92.06 83.72 16.28 7.93 90.63 89.23
RF 83.02 85.71 79.07 20.93 14.29 85.71 85.71
SVM 80.19 87.30 69.77 30.23 12.69 83.97 80.89
9 Features LR 79.25 82.54 74.42 25.58 17.46 82.54 82.54
KNN 73.58 76.19 69.77 30.23 23.81 77.42 78.69
DT 75.47 77.77 72.09 27.91 22.22 79.03 80.33
AdaBoost 85.85 88.89 81.39 18.60 1111 87.50 87.50
RF 84.91 87.30 81.40 18.60 12.70 87.30 87.30
SVM 80.19 87.30 69.77 30.23 12.70 83.97 80.88

The receiver operating characteristic (ROC) curve illustrates the most significant portion of the
model in terms of its performance. When the ROC curve is evaluated, it is determined that the LASSO
feature selection performs better than the ANOVA feature selection. The overall details are presented in
Figures 7 and 8.

Receiver Operating Characteristic Curve Receiver Operating Characteristic Curve
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Figure 7. ROC curve for model performance visualization using ANOVA feature set
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Figure 8. ROC curve for model performance visualization using LASSO feature set

The AdaBoost classifier with LASSO-selected features outperformed others due to its ability to
reduce bias and focus on difficult samples, while LASSO eliminated redundant features. Lower-performing
models like KNN and DT struggled with noise and overfitting. The ROC and AUC results confirm
AdaBoost’s strong discriminative power, highlighting its reliability for practical applications. Eventually, the
performance of the best model is analyzed applying XAl techniques named LIME and SHAP, which are
presented in the following Figures 6(a) and (b). From the ANOVA feature selection technique and XAl
techniques, it can be said that the homogeneity features have the most influence on the prediction, whereas
the mean feature conveys the lowest.

Table 8 shows that theproposed method’s superior accuracy and explainable framework offer
practical benefits for guava cultivators, enabling early disease detection and management. Its agro-based
automation system, leveraging locally sourced data, and the XAl-based technique for illness identification
contribute to sustainable farming practices.

Table 8. Comparison of related works with the proposed method

Research Dealing Class  Dataset  Segmentation Feature Set of XAl Employed Accuracy
work object size algorithm selection features classifier (%)
[26] Dragonroot  Three 81 K-means Color - No SVM, KNN 87.50

and leaf clustering moment
and GLCM
[27] - Binary 1000 - - - No  KNN, SGD, RF, 93.60
CNN-SGD
[28] Cauliflower Four 766 K-means - 10 No RF 88.61
clustering
[29] Rice Ten 500 - - - No CNN 95.48
[30] Tomato Binary 800 Manual - 36 No Linear SVM 93.25
cropping
[31] Jackfruit Four 480 K-means - 10 No RF 89.59
clustering
[32] Apple, banana, Three 63 Modified K- - - No - -
tomato means, Otsu
[33] Fruit and Fifteen 2612 K-means - 2 No SVM 93.77
vegetable clustering
[34] Paddy Three - Local entropy - - No - 94.70
threshold
[35] Cauliflower Four 708 K-means ANOVA 10 No LR 90.77
clustering
Proposed Guava fruit  Binary 526 K-means ANOVA, 10 (7 Yes  AdaBoost (best), 88.68
method and leaf clustering LASSO selected) RF, SVM, KNN,
(this work) DT, LR

5. CONCLUSION

This study developed an agro-based feature selection technique to identify guava diseases, utilizing
526 images to extract two distinct feature types from segmented data. Two feature selection models,
ANOVA and LASSO, were employed to rank and select the top five out of ten features. Six ML algorithms,
tailored to feature rankings, were tested on sets of seven, nine, and ten features. The AdaBoost classifier
achieved the highest accuracy of 88.68% with the top seven features using LASSO, and 85.85% with the top
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seven and nine features using ANOVA, outperforming other methods. Two XAl methodologies were applied
to enhance model interpretability, reinforcing its reliability. Despite these achievements, the study faces
limitations, including dependence on representative data, sensitivity to algorithmic choices, and
environmental variability, which may influence the model's applicability and stability. These problems
happen because the performance of a model depends on how diverse the data is, how the algorithms are
designed, and how things change in the actual world. Also, using the model in real-time applications like an
Android app is hard because it needs to be fast, scalable, and able to handle different field circumstances. The
models were trained on controlled images; thus, they might not work as well in real life when the lighting,
backdrop, or severity of the disease changes. These challenges highlight the need for robust data collection
and adaptable algorithms to ensure practical applicability in agricultural disease management. Looking
ahead, this research offers significant potential for broader agricultural applications. While focused on guava
diseases, the methodology could be extended to detect and classify diseases in other crops across diverse
regions. Future work should focus on refining the proposed approach, addressing its limitations, and
developing scalable solutions. Future work will focus on making datasets more diverse, improving
algorithms, and coming up with adaptive deployment strategies that will help solve these problems, providing
timely and actionable insights to enhance disease management and improve agricultural outcomes.
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