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Abstract:

This study explores the application of machine learning techniques in the agricultural domain, focusing on the classification
of two common diseases in mango leaves: Powdery Mildew and Sooty Mould. Utilizing the MangoLeafBD dataset, the
research employs a Gradient Boosting Classifier, enhanced with mean shift image segmentation and Hu moments for
feature extraction. The performance of the model was rigorously evaluated through 5-fold cross-validation, yielding
insights into its accuracy, precision, recall, and F1-score. The results demonstrate moderate success, with the highest
accuracy and precision observed in the initial fold, indicating the model's potential for reliable disease identification. The
study addresses the challenge of distinguishing between diseases with similar symptomatic appearances, offering a novel,
data-driven approach for disease management in mango cultivation. This research contributes to the growing field of
precision agriculture, highlighting the potential of machine learning in enhancing disease diagnosis and treatment strategies,
thus supporting sustainable agricultural practices.

Keywords: Machine Learning, Mango Leaf Diseases, Gradient Boosting Classifier, Image Segmentation, Precision
Agriculture.
Dataset link: https://www.kaggle.com/datasets/aryashah2k/mango-leaf-disease-dataset

1. Introduction

Mango cultivation, a cornerstone of tropical agriculture, significantly contributes to the economy and food security
in many regions. However, the sustainability of this vital crop is continually threatened by various leaf diseases,
notably Powdery Mildew and Sooty Mould. These diseases not only diminish the yield and quality of the mangoes
but also pose a challenge for farmers due to their similar symptomatic appearances. The difficulty in distinguishing
between these diseases often leads to misdiagnosis and, consequently, ineffective treatment strategies. This challenge
underscores the need for precise and accurate disease identification methods to ensure effective management and
control.

In response to this pressing issue, this research aims to leverage machine learning techniques to classify mango
leaf diseases accurately. By employing advanced algorithms and image processing methods, we aspire to develop a
model that can reliably differentiate between Powdery Mildew and Sooty Mould. Our objective is to provide a tool
that assists farmers and agricultural professionals in making informed decisions about disease management, ultimately
enhancing the overall health and productivity of mango orchards.

The research questions guiding this study are centred around the feasibility and effectiveness of using machine
learning algorithms for the classification of mango leaf diseases. Specifically, we explore whether a Gradient Boosting
Classifier [1]-[3], [4], enhanced with mean shift segmentation and Hu moments for feature extraction [5], [6], can
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accurately classify these diseases. We hypothesize that this integrated approach will yield high accuracy and precision
in disease classification, surpassing traditional methods.

However, the scope of our research is confined to the data available in the MangoLeafBD dataset, which may limit
the generalizability of our findings to other contexts or disease types. Additionally, the performance of the model is
contingent on the quality and variety of the image data, as well as the robustness of the segmentation and feature
extraction techniques employed.

Despite these limitations, this research makes substantial contributions to the field of agricultural disease
management. By introducing a novel application of machine learning in the context of mango cultivation, we pave the
way for more advanced, data-driven approaches to disease diagnosis and management. Furthermore, our findings have
the potential to inform future research, laying the groundwork for broader applications of machine learning in
agriculture and beyond. Ultimately, this study represents a critical step towards enhancing disease management
practices in mango cultivation, offering new perspectives and tools to combat the challenges faced by the agricultural
community.

2. Method:

This study adopts a quantitative research design, focusing on the application of machine learning techniques to
classify two primary diseases in mango leaves: Powdery Mildew and Sooty Mould. The research involves several
stages: dataset collection, image segmentation, feature extraction, model training using a Gradient Boosting Classifier
[71, [8], and performance evaluation through accuracy, precision, recall, and F1-measure [9]. Our research is designed
in five well-structured main stages, and their aspects are illustrated in Figure 1.
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Figure 1. General Research Design Stages
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Data Collection Process: Mango Leaf Disease Dataset

Figure 2. Scatter Plot

The dataset, named MangoLeafBD, comprises digital images of mango leaves affected by Powdery Mildew and
Sooty Mould. The images were collected under varied conditions to ensure a diverse representation of disease
manifestations. Each image in the dataset is labelled with the corresponding disease class, facilitating supervised
learning.
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Figure 3. Splitting Dataset 10 % testing, 90% training

Image Segmentation: Sobel

The Mean Shift algorithm is particularly appreciated for its simplicity and flexibility, as it requires only one
bandwidth parameter and makes no assumptions about the shape of the clusters [10], [11]. It is also robust to outliers
and can adapt to varying cluster densities. However, one of its drawbacks is computational intensity, particularly with
large datasets or high-dimensional data. The choice of bandwidth is also crucial and can significantly affect the
outcome of the segmentation or clustering [11]-[13]. The mean shift algorithm finds the local maxima of the density
function represented by the image pixels, defined by the formula

Dxenco K(xg —x) X x;
Yixen(x) K(xp — x)

Here, m(x) is the mean shift vector, N(x) is the neighbourhood of x, and K is the kernel function. Visualisation
mean shift detection of powdery mildew and sooty mould in Figure 4 and Figure 5.
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Figure 4. Mean Shift Detection Results for Powdery Mildew Class
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Figure 5. Mean Shift Detection Results for Sooty Mould Class
Feature Extraction: Hu Moments

Hu Moments are invariant to image transformations and provide a robust feature set for pattern recognition [14], [15].
The seven Hu Moment invariants are calculated from the normalized central moments of the image. The nt* order
central moment is defined as:

tpq = Zx,y(x =Py -9 xy) 2)
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Where f(x,y) is the pixel intensity at (x, y), and (X, y) is the centroid of the image.
The Hu moments are derived from these central moments as follows:

Hy = U0 + Hoz ,
Hy = (g0 + to2)? + 413y
| ©)
H; = psoliz — Hollos — 3,“%2.“03 + 3#%1#12

Classification Algorithm: Gradient Tree Boosting

The extracted features are fed into the Gradient Boosting Classifier, a powerful ensemble technique that builds
multiple decision trees sequentially, with each tree correcting the errors of its predecessor. The algorithm is defined
by the update rule.

Fn(x) = Fpe1(x) + 1 X by (%) (4)

Here, E,,(x) is the model at iteration m, h,,, (x) is the decision tree added at the m®" iteration, and 7 is the learning
rate.

K-fold Cross-validation:

The model’s performance is evaluated using 5-fold cross-validation, where the dataset is divided into five equal parts,
and the model is trained and tested five times, each time with a different part as the test set [16], [17]. The performance
metrics calculated are accuracy, precision, recall, and F1-measure [18], [19], providing a comprehensive evaluation
of the model's effectiveness [20], [21]. The method's formulaic representation.

K
1
CViy = EZ Error; ®)
i=1

Performance Comparison Analysis
Post-validation, the model's performance was assessed using metrics such as accuracy, precision, recall, and F-
measure [4], [22], [23]. Their respective formulae are [24]-[26].
(TP +TN)
(TP+TN +FP +FN)

Accuracy =

pericision —
ericision = (TP n FP)
()
TP

Recall = m

2(presisi X recall)

F — measure = —
(presisi + recall)

The above formulas explain:

True Positive (TP): The number of cases correctly predicted as positive by the model.
True Negative (TN): The number of cases correctly predicted as negative by the model.
False Positive (FP): The number of cases incorrectly predicted as positive by the model.
False Negative (FN): The number of cases incorrectly predicted as negative by the model.

These metrics provided a comprehensive understanding of the model's performance, highlighting its strengths and
areas of improvement.

3. Results and Discussion

Results
The application of the Gradient Boosting Classifier on the MangoLeafBD dataset for the classification of Powdery
Mildew and Sooty Mould yielded notable results. The performance metrics, evaluated through 5-fold cross-validation,



165 Indonesian Journal of Data and Science

demonstrated variability across different folds. The accuracy scores ranged from 0.63 to 0.73, with the highest being
in the first fold. Precision metrics were consistently higher, ranging from 0.78735632 to 0.82467532, indicating a
strong likelihood that the predicted positive cases were indeed positive. Recall scores paralleled the accuracy scores,
which is expected as they both reflect the model's ability to correctly identify positive cases. The F1-scores, which
balance precision and recall, varied between 0.57131271 and 0.70876928, reflecting some fluctuation in the model's
overall performance. The detailed results are presented in Table 1 and visualized in Figure 6 for a clearer
understanding and comparison of the metrics across different iterations

Table 1. Performance Metrics Across 5-Fold Cross-Validation for the Gradient Tree Boosting

Ken _ Performa
Accuracy Precision Recall F-Measure

K-1 73% 82% 73% 71%

K-2 68% 80% 68% 64%

K-3 67% 80% 67% 63%

K-4 63% 79% 63% 57%

K-5 70% 81% 70% 66%
> avg 68% 81% 68% 64%
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Figure 6. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the Gradient Tree Boosting

The results indicate a moderate level of effectiveness in using the Gradient Boosting Classifier for disease
classification in mango leaves. The variation in performance metrics across different folds suggests that the model's
performance is somewhat dependent on the specific subset of data it is trained on, which is a common occurrence in
machine learning models applied to biological data. The high precision scores are a significant finding, as they suggest
that the model is quite reliable when it identifies a leaf as diseased. This is crucial in agricultural settings, where false
positives can lead to unnecessary treatments, thereby saving time and resources.
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Figure 7. Boxplot Performance Metrics Across 5-Fold Cross-Validation for the Gradient Tree Boosting
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In Figure 7, we present a boxplot visualization that encapsulates the distribution of the performance metrics—
accuracy, precision, recall, and F1-score—acquired from the application of the Gradient Boosting Classifier to the
MangoLeafBD dataset. The boxplot provides a graphical representation of the central tendency and variability of the
model's performance across the 5-fold cross-validation, highlighting the interquartile range, median, outliers, and
overall spread of the scores. This visualization aids in the intuitive understanding of the model's robustness and
predictive consistency in classifying mango leaf diseases.

Discussion

Interpreting these results, it is clear that the model shows promise in accurately classifying mango leaf diseases,
though there is room for improvement in its consistency, as indicated by the variability in accuracy and F1-scores.
This level of performance is in line with previous research employing machine learning techniques in plant disease
detection, which also reported varying degrees of success.

The practical implications of these results are significant for mango cultivation. The ability to accurately identify
specific diseases can lead to more targeted and effective treatment, potentially increasing crop yield and reducing
losses due to disease. However, the limitations of this research should be acknowledged. The variability in the model's
performance across different folds of the dataset suggests that the model might be sensitive to the specific data it is
trained on, which could limit its generalizability. Furthermore, the reliance on digital images means that the model's
effectiveness is contingent on the quality and resolution of these images.

Future research could focus on expanding the dataset to include more varied examples of the diseases, potentially
improving the model's robustness and generalizability. Additionally, exploring other machine learning algorithms or
combining several algorithms in an ensemble approach could yield better and more consistent results. Finally,
integrating this model into a real-time disease detection system in mango orchards could be a practical and beneficial
application of this research, warranting further exploration and development.

4, Conclusion

This research aimed to enhance disease management in mango cultivation through the application of machine
learning techniques, specifically focusing on the classification of Powdery Mildew and Sooty Mould in mango leaves.
The study utilized the Gradient Boosting Classifier, evaluated through 5-fold cross-validation, yielding moderate
levels of accuracy, precision, recall, and F1-scores. The highest accuracy and precision were observed in the first fold,
indicating the model's potential in accurately identifying diseased leaves. The research successfully addressed the
primary question, demonstrating that machine learning, particularly the Gradient Boosting Classifier, can be
effectively employed to classify mango leaf diseases. The high precision scores were a noteworthy outcome,
suggesting that the model could reliably identify disease presence, which is critical for practical agricultural
applications. However, the variability in the results across different folds highlighted the challenges in creating a
universally robust model for this purpose.

The study contributes significantly to the field of agricultural disease management by introducing a machine
learning approach to diagnose diseases in mango leaves. This methodology offers a more efficient, accurate, and cost-
effective solution compared to traditional methods. For future research, it is recommended to expand the dataset to
include a broader range of disease manifestations and to experiment with other machine learning models or ensemble
methods to enhance accuracy and consistency. Furthermore, integrating the model into a real-time disease monitoring
system within orchards could revolutionize the way mango diseases are managed, leading to increased yields and
reduced losses. Such advancements would not only benefit mango cultivators but also contribute to the broader field
of agricultural technology and sustainable farming practices.
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