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Abstract. In recent years, the tea industry has gained newfound importance,
driven by advancements in technological innovation and automation. These de-
velopments have played a pivotal role in boosting productivity and ensuring the
quality of tea production. Within the field of tea agriculture, a crucial challenge
lies in the accurate detection and classification of diseases that can afflict tea
leaves. In this research, a comprehensive methodology is presented for address-
ing this challenge. Leveraging the Tea Plant Disease Dataset, a widely accessible
and reputable resource containing diverse tea leaf disease images, this approach
unfolds in five key stages: (1) Data Augmentation, (2) Feature Extraction Meth-
ods, (3) Machine Learning, (4) Ensemble Stacking and (5) Evaluation of F1
score.

In this research, it is observed that while using the data without data augmen-
tation, XGBoost (XGB) classifier demonstrated superior performance for Color
Histogram feature extraction, while for Pixel Feature extraction, Random Forest
excelled. For Bag of Visual Words (BoVW) feature extraction, Support Vector
Machine (SVM) emerged as the top-performing model. After data augmentation,
Random Forest demonstrated superior performance for Color Histogram feature
extraction, while for Pixel Feature extraction, XGB Classifier excelled. For Bag
of Visual Words (BoVW) feature extraction, Support Vector Machine (SVM)
emerged as the top-performing model. These insights provide valuable guidance
for optimizing the F1 score in tea leaf disease classification. Then ensemble
stacking was used for all the machine learning models to identify the model with
the best accuracy while using ensemble techniques. The ultimate aim for this re-
search is to make these trained models accessible to farmers for early disease
detection and classification, acting as a preventive measure to safeguard tea
leaves. This research marks a significant stride towards sustainable agriculture,

© The Author(s) 2025

P. Ahlawat et al. (eds.), Proceedings of the 6th International Conference on Deep Learning, Artificial Intelligence
and Robotics (ICDLAIR 2024), Advances in Intelligent Systems Research 193,
https://doi.org/10.2991/978-94-6463-740-3_14


https://doi.org/10.2991/978-94-6463-740-3_14
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-740-3_14&domain=pdf

150 K. Somesh et al.

empowering farmers with technology and machine learning to protect yields and
ensure food security.

Keywords: Bag of Visual Words, Color Histogram, Decision tree, Ensemble
Stacking, F1 score, Pixel feature extraction, Support Vector Machine, Tea leaf
disease, XGB classifier

1 Introduction

According to the Tea Board of India[1], the tea industry has undergone a remarkable
transformation in recent years, resulting in an impressive annual production output of
millions of metric tons of tea leaves. Tea, derived from the Camellia sinensis plant[2],
plays a pivotal role in ensuring global food security and supporting agricultural econo-
mies worldwide. However, tea cultivation faces ongoing challenges in the form of dis-
eases that can lead to substantial yield losses and economic repercussions.

In the context of sustainable tea production, the early and accurate detection of dis-
eases affecting tea leaves emerges as a paramount concern. In today's evolving agricul-
tural landscape, where technology, data, and machine learning play pivotal roles, timely
disease detection becomes a critical focus. The ability to identify and classify these
diseases promptly is not just an agricultural endeavor but an essential component of
ensuring the sustainability of tea crop production.

Tea plants are susceptible to various prevalent diseases, with two notable examples
being "Bird's Eye Spot"[3] and "Gray Light"[4]. Bird's Eye Spot, often associated with
different bird's eye fungi species, manifests as small, dark green to black circular spots
on tea leaves, leading to reduced photosynthesis and a decline in tea quality. This dis-
ease can significantly impact tea plant health and overall crop yield.

The challenges posed by tea disecases underscore the importance of proactive
measures and advanced technology in tea cultivation. Early detection and precise clas-
sification of these diseases are essential for effective disease management. By leverag-
ing cutting-edge technology, such as machine learning, and using a curated dataset of
tea leaf disease images, our research aims to bridge the gap between technology and
agriculture. This approach involves five key stages:

1. Data Augmentation: The initial stage begins by significantly expanding the dataset
through data augmentation techniques, augmenting the initial set of 274 images into a
substantial collection of 9,000 images.

2. Feature Extraction Methods: Various feature extraction techniques tailored for tea
leaf disease classification are being compared. These methods encompass pixel feature
extraction, Bag of Visual Words (BoVW) feature extraction and Color Histogram fea-
ture extraction. Both the original data and augmented data are being used separately in
order to present a comparison.

3. Machine Learning Models: A range of machine learning models are being em-
ployed to effectively classify tea leaf disease images. These models include Logistic
Regression, Decision Tree, K-Nearest Neighbors classification, Naive Bayes classifier,
and XGBoost classifier.
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4. Ensemble Stacking: Ensemble techniques are implemented, specifically ensemble
stacking, to further enhance the performance and accuracy of our classification models.

5. Evaluation of F1 Score: To assess the performance of each model for each tea leaf
disease class, the F1 score is calculated, providing a balanced measure of precision and
recall. The results are visually depicted through informative graphs, allowing for a com-
prehensive understanding of the model's effectiveness in classifying tea leaf diseases.

Tea leaf diseases not only impact yield and economic profits but also affect tea qual-
ity, influencing flavor and aroma crucial for the industry's reputation. Managing dis-
eases like Bird's Eye Spot is complex due to varying environmental conditions and ge-
ographical factors. Integration of technology, such as remote sensing and drones, aids
in early detection and targeted interventions, emphasizing technology's role in tea agri-
culture. Curated datasets simplify machine learning model development, fostering col-
laborative research and innovation in agriculture.

Despite promising research, implementing machine learning models for on-ground
disease detection faces challenges related to infrastructure, training, and technology ac-
cess for tea farmers. Given the global nature of the tea industry, collaborative efforts
and shared knowledge are essential for sustainable disease management worldwide.

2 Related works

In the domain of disease detection and image analysis for plants using the leaves, re-
searchers have implemented and modelled various techniques to achieve high accuracy
rates in recognition and classification of ailments in plants.

Rohman Dijaya et al.[5] diagnose corn plant diseases using leaf images in the
study. SURF was employed for key point extraction, K-Means clustering was applied
to generate visual words, and then a BoVW-SVM combination was utilized. This re-
search explores the impact of cluster count and key point proportion, achieving an 85%
accuracy with 800 clusters and 80% of the strongest key points, offering valuable in-
sights for feature selection in corn disease diagnosis.

Shravankumar Arjunagi et al.[6] did a study on segmentation techniques including
triangular and OTSU-based methods. Textural features, primarily derived from GLCM,
were extracted from these segmented images using k-means clustering. Subsequently,
an SVM-based classification was applied to distinguish between different leaf diseases.
Notably, the proposed method achieved a commendable overall classification accuracy
of 70% with an AUC of 0.63 using triangular-based segmentation.

Selim Hossain et al.[7] endeavor to develop an efficient image processing system
for identifying and classifying two widespread tea leaf diseases, namely brown blight
and algal leaf diseases, distinguishing them from healthy leaves. This innovative ap-
proach employs a Support Vector Machine (SVM) classifier, utilizing eleven carefully
analyzed features. Notably, the SVM classifier reduces feature comparison by three,
maintaining an accuracy exceeding 90% and accelerating processing time by 300ms
per leaf image, enhancing overall efficiency in disease detection and classification.

S. Jayanthy et al.[8] employ deep learning and machine learning to detect tea leaf
diseases and classify tea buds as high or low quality. With a real-time dataset of 1050
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disease images and 262 bud images, augmented for diversity, CNN Dense-Net 121 and
201 models achieve high accuracy at 96.703% and 96.923%, respectively. SVM with a
convolution model turned kernel performs well with accuracies of 65.934% (disease)
and 73.077% (bud). Evaluation metrics include Accuracy, Loss, Precision, Recall, F1
Score, MSE, MAE, Specificity, and Sensitivity.

Vibhor Kumar et al.[9] in their research, delve into the critical realm of plant dis-
ease detection, focusing on symptoms translated into features. The study offers an ex-
tensive review of both hand-crafted and deep learning-based feature extraction meth-
ods, shedding light on their respective advantages and drawbacks. Notably, the paper
engages in a comprehensive examination of image features encompassing color, tex-
ture, and shape, addressing disorders prevalent in diverse cultural contexts.

Chen J et al. [10]focus on tea disease spot recognition through image feature ex-
traction and matching. The goal is to achieve swift and precise detection of tea disease
spots, aiding in low-altitude disease monitoring using plant protection UAVs. The study
combines hyperspectral imaging and image processing to collect data from various tea
samples. Principal component analysis, color analysis in the HSI color space, and fea-
ture parameter extraction are employed. Fisher discriminant function was utilized and
a notable 90% accuracy is achieved in tea disease spot recognition.

E. Saraswathi et al.[11] undertake research to efficiently categorize 14 distinct
tomato diseases observed in field and laboratory conditions. Ensemble classifiers, each
developed using diverse techniques for preparation, feature extraction, and classifica-
tion, are employed. To determine the most effective ensemble classifiers, various ap-
proaches are compared. The proposed technique's precision and reliability are evaluated
in controlled lab settings and real-world scenarios using the Plantvillage and Taiwan
tomato leaves databases. The top-performing ensemble classifier, accounting for fac-
tors like shadows, brightness variations, disease similarities, background clutter, mul-
tiple leaves, and varied textures, achieves an impressive 96% accuracy.

Existing methods for the detection of plant diseases have exhibited notable achieve-
ments in accuracy, but they grapple with limitations, including a lack of adaptability to
diverse datasets and environmental conditions. To address these challenges, the pro-
posed approach in this research involves employing a range of feature extraction meth-
ods, such as pixel feature extraction, Bag of Visual Words (BoVW), and Color Histo-
gram, and then assessing different machine learning models using accuracy, precision,
and F1 score measures and also implementing ensemble techniques. This comprehen-
sive exploration helps to identify the most effective feature-model pairs, offering a
more adaptable and robust solution for plant disease detection across various scenarios.

3 Materials and Methods

Our principal goal is to identify the best Machine Learning classification model for the
given image dataset of Tea leaves by deploying three discrete feature extraction meth-
ods: Pixel Feature Extraction[12], BoVW (Bag of Visual Words) Feature Extrac-
tion[13], Color Histogram Feature Extraction[14].
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We need to evaluate the F1 scores for these feature extraction methods and machine
learning models and visualize the results using graphical representations that provide
the comparative performance of all the classification models. The figure below shows
the organization of the flow of the proposed idea.

Tea leal image dataset
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Fig. 1. Framework of the proposed methodology

3.1 Dataset Description

The tea leaf disease classification data that we used in our study is extracted from the
‘Identifying Disease in Tea leaves’ on Kaggle website[15]. It is an open-source data-
base that can be used to configure for accurate agricultural tasks. This image dataset
consists of three distinct classes that consists of two types of disease and one healthy
image class. The classes for the two types of disease are Bird eye spot and Gray light.
We have a total of 274 images (which will be augmented later), where diseased image
class have approximately 100 each and the healthy image class have 75 images respec-
tively with a dimension of 250 * 250. Below given are the details of the diseases and
their images.
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Gray Light.

Gray Light, caused by the fungus Botrytis cinerea, is a significant ailment affecting
various plants, including potatoes. This condition not only impacts potatoes but can
also affect tomatoes and, at times, related plants like eggplants. Typically, the onset of
gray mold manifests as small, irregularly shaped spots, which exhibit a range of hues
from pale to dark gray, as depicted in Fig. 2b[4].

Bird’s Eye Spot.

Bird's Eye Spot is a fungal disease predominantly caused by Cercospora theae, a fungi
specie. It impacts tea leaves, resulting in the formation of small dark green to black
circular spots, which can disrupt the process of photosynthesis. Control measures in-
volve practices like pruning, ensuring adequate air circulation, and, in severe instances,
resorting to fungicides. Timely detection and intervention are of utmost importance.
Figure 2c¢ illustrates the appearance of Bird's Eye Spot disease on tea leaves[3].

healthy gray_light bird_eye_spot

s

S il
Fig. 2. Sample images from the dataset (a): healthy leaf (b): leaf afflicted by gray light (c): leaf
afflicted by bird eye spot

4 Proposed Methodology

The proposed methodology encompasses several key stages including image pre- pro-
cessing, data augmentation, feature extraction, classification and ensemble methods
classification as visualized in Fig. 1.

4.1 Data Collection:

In this fundamental step, we acquire a comprehensive dataset of images from the
Kaggle-based Identifying disease in tea leaves dataset[15], known for its reliability and
widespread use in precision agriculture applications. This dataset provides a rich source
of images encompassing various tea leaf diseases, critical for training and evaluating
our disease classification models.
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4.2  Data Augmentation:

We enriched our dataset by employing data augmentation techniques on an initial set
of 274 images, which were categorized into three distinct classes. We used rotations
(range=40), width and height shifts, shearing changes (range=0.2), zooming in and out,
flipping and also blurring functions using the ImageDataGenerator() function from
Keras.preprocessing library in python. This process is done repeatedly 20 times.
Through this process, we generated an extensive collection comprising a total of ap-
proximately 9,000 images. We loaded this augmented dataset in a separate folder. This
augmented dataset plays a pivotal role in enhancing the robustness and diversity of our
training data, consequently contributing to the improved performance and generaliza-
tion of our models in various tasks, such as image classification and disease detection.

4.3 Image Pre-processing:

Following data augmentation, we proceed to the essential phase of image pre-pro-
cessing. Here, we ensure uniformity and consistency by standardizing all images to a
common size of 250 x 250 pixels. This standardization simplifies subsequent analysis
and model training. Additionally, we meticulously validate the total image count and
address any potential dataset irregularities to ensure data integrity and reliability. A
visual representation of the total image count within the dataset is presented in figure
below in Fig. 3.a, and Fig. 3.b.

4.4 Feature Extraction:

Feature extraction represents a crucial step in machine learning-based image classifica-
tion. It involves transforming raw image data into meaningful features capable of ef-
fectively representing and distinguishing between different classes of tea leaf diseases.
In this study, we employ three distinct feature extraction methods to extract essential
characteristics from tea leaf images. These features form the foundation for subsequent
classification tasks, enabling precise and accurate disease identification. The adoption
of these three feature extraction methods is rooted in their capacity to capture a wide
spectrum of characteristics such as texture, pixel color of the tea leaf iamges. This di-
verse approach ensures a well-rounded representation of features, enhancing our capa-
bility for precise and accurate disease identification in tea leaves.
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4.5 Processed Data:

The above feature extraction methods are utilized in order to process the images and
extract required features into a processed file, which would later be subjected to multi-
ple machine learning classifiers.

4.6 Classification:

In this step, we split the whole image dataset into training data and testing data. The
testing data will be used as the input for the trained classifier (that has been trained
using the training data) to classify the tea leaf images into different classes such as
Bird’s eye spot, Gray Light and Healthy. For this, we are deploying various classifica-
tion algorithms such as Logistic Regression[16], Random Forest[17], Support Vector
Machine[18], Decision Tree[19], K Nearest Neighbors[20], Naive Bayes [21]and
XGBoost[22] classifiers.

4.7  Data Split:

The dataset for tea leaf disease classification has been separated into two divisions:

Training data:

We use the processed data that was obtained from the feature extraction methods and
use it for this training phase. Approximately 80% of the total data from the dataset has
been considered for training the model while the indexing for the data was at random.

Testing Data:

Again, we use the processed data (obtained from the feature extraction) to use it for this
testing phase. Approximately 20% (remainder of the data after the training phase) of
the total data has been considered for testing the model which has also been done at
random indexing.

4.8 Ensemble Techniques (Stacking):

Ensemble stacking is a machine learning technique renowned for its ability to exponen-
tially boost classification accuracy. By blending predictions from an collection of di-
verse models, it assembles a robust and high-performing meta-classifier, resulting in
remarkably improved prediction quality and enhanced model reliability.

In this research, ensemble stacking is utilized by combining seven diverse models:
Logistic Regression, Decision Tree, Random Forest, K-Nearest Neighbors Classifier,
XGB, Naive Bayes Classifier, and SVM stacked over each other. Stacking was done
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by creating a Data frame. Initially, these models are trained on the tea leaf disease da-
taset. Predictions from these base models are used to generate meta features. These
predictions are then stacked with actual target labels[23].

Next, various meta classifiers, including Logistic Regression, Decision Tree, Ran-
dom Forest, KNN Classifier, XGB, Naive Bayes Classifier, and SVM, are trained on
the meta features. The aim is to identify the most accurate meta classifier by evaluating
their predictions on a validation dataset.

Ensemble stacking aims to optimize the combination of individual model strengths
for precise tea leaf disease classification, benefitting agriculture and farmers.

4.9 Evaluation:

From the classifier model, the evaluation metrics are generated, including Precision,
Accuracy, Fl-score, and Support, and graphs are plotted.

5 Results and Discussion

In this section, we evaluate various classification techniques on the Tea leaf disease
dataset using Python 3.9. The Mac system is equipped with an M1 chip operating at
3.2GHz and 8GB of RAM with the Sonoma 14.0 OS. These classifiers, including De-
cision Trees (DT), Random Forest (RF), Logistic Regression (LR), Support Vector Ma-
chine (SVM), XGBoost (XGB), k-NN, and Naive Bayes (NB), were assessed on the
Mac system. Throughout the evaluation, we employed three distinct feature extraction
methods: Pixel features, BoVW, and Color Histogram.

In this analysis, Figures 4.a through 4.f provide a comprehensive view of classifier
performance for the non-augmented dataset. Figure 4.a offers a detailed comparison of
Fl-scores for each class, including macro and weighted averages, using Pixel feature
extraction. Shifting to accuracy, Figure 4.b highlights the exceptional performance of
the Random forest model, achieving an impressive 92.73% accuracy with Pixel feature
extraction. Figures 4.c and 4.e delve into F1-score comparisons with BoVW and Color
Histogram feature extraction methods, revealing how feature choice impacts classifier
performance across different classes. Figures 4.d and 4.f further explore accuracy-ver-
sus-model comparisons with BoVW and Color Histogram feature extraction. Figure 4.d
spotlights the SVM model, leading with an 99.80% accuracy, while Figure 4.f show-
cases the XGB classifier model's remarkable accuracy of 98.18%. The numbers 0, 1, 2
in the plotted graphs represents the classes bird eye spot, gray light and healthy respec-
tively.

Furthermore, Figures 5.a through 5.f provide a comprehensive view of classifier per-
formance for the non-augmented dataset. Figure 5.a offers a detailed comparison of F1-
scores for each class, including macro and weighted averages, using Pixel feature ex-
traction. Shifting to accuracy, Figure 5.b highlights the exceptional performance of the
XGB model, achieving an impressive 91.87% accuracy with Pixel feature extraction.
Figures 5.c and 5.e delve into F1-score comparisons with BoVW and Color Histogram
feature extraction methods, revealing how feature choice impacts classifier



Enhancing Tea Leaf Disease Classification 159

performance across different classes. Figures 5.d and 5.f further explore accuracy-ver-
sus-model comparisons with BoVW and Color Histogram feature extraction. Figure 5.d
spotlights the SVM model, leading with an 99.83% accuracy, while Figure 5.f show-
cases the Random Forest model's remarkable accuracy of 99.89%. The numbers 0, 1, 2
in the plotted graphs represents the classes bird eye spot, gray light and healthy respec-
tively.

These findings collectively provide valuable insights into the diverse classification
techniques and feature extraction methods applicable to tea leaves disease classifica-
tion. The selection of the most suitable combination of these methods may be contin-
gent upon specific objectives, be it emphasizing accuracy, computational efficiency, or
interpretability. These insights can serve as guiding principles for prospective research
endeavours and practical applications within the field.

Table 1. Accuracy (%) comparison of various ML models and feature extraction methods for
non-augmented dataset

Model/ Method Pixel Feature Bag of Visual | Color Histogram
Words

Logistic 81.82 65.45 65.45
Regression

Decision Tree 87.27 81.82 85.45

Random Forest 92.73 99.71 94.54

XGB Classifier 90.91 98.18 98.18

KNN 80.00 96.36 96.36

Naive Bayes 72.73 69.09 69.09

SVM 85.45 99.80 98.02

Table 2. Accuracy (%) comparison of various ML models and feature extraction methods for
augmented dataset

Model/ Method Pixel Feature Bag of Visual | Color Histogram
Words

Logistic 66.30 97.70 40.02
Regression

Decision Tree 74.42 97.16 96.89

Random Forest 88.22 99.78 99.89

XGB Classifier 91.87 99.83 99.50

KNN 79.02 99.83 96.94

Naive Bayes 64.6 72.04 35.60

SVM 81.8 99.94 95.47

5.1 Results for Non-augmented Data:

Class 0 — Bird Eye Spot
Class 1 — Gray Light
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5.2 Results for Augmented Data:

Class 0 — Bird Eye Spot
Class 1 — Gray Light
Class 2 — Healthy
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F1-Score by Model and Class
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Fig. 5.f Accuracy for Color Histogram feature extraction on augmented data

5.3  Results from Ensemble Stacking:

In addition to individual classifiers, we explored the power of Ensemble Stacking, a
machine learning technique that combines multiple diverse models. We integrated En-
semble Stacking into our analysis to harness the collective strength of our classifiers,
used the meta classifier as Random Forest. Through Ensemble Stacking, we achieved
a significant enhancement in accuracy across various feature extraction methods.
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Table 3. Accuracy (%) comparison of various feature extraction methods while applying En-
semble Stacking with Random Forest as meta classifier

Feature Extraction Method | Accuracy (%)

Pixel Feature Extraction 91.77
Bag of Visual Words 99.99
Color Histogram 99.95

These findings collectively provide valuable insights into the diverse classification
techniques and feature extraction methods applicable to tea leaves disease classifica-
tion, showcasing the effectiveness of Ensemble Stacking in enhancing predictive accu-
racy. The selection of the most suitable combination of these methods, coupled with
Ensemble Stacking, may be contingent upon specific objectives, be it emphasizing ac-
curacy, computational efficiency, or interpretability.

6 Conclusion

In summary, our research on tea leaf disease classification has provided valuable in-
sights into the optimal combination of feature extraction methods and machine learning
models. Through our experimentation, we employed three distinct feature extraction
techniques: Pixel feature extraction, Bag of Visual Words (BoVW) feature extraction,
and Color Histogram feature extraction. Notably, without data augmentation, our re-
sults indicate that Random Forest performs exceptionally well with Pixel feature ex-
traction, achieving an accuracy of 95.3%. For BoVW feature extraction, Support Vector
Machine (SVM) stands out as the top performer with the highest accuracy at 93.3%.
When it comes to Color Histogram feature extraction, XGBoost exhibits remarkable
accuracy.

Furthermore, our findings reveal a shift when employing augmented data. In this
scenario, XGBoost outshines others with Pixel feature extraction, achieving superior
results. For Bag of Visual Words, SVM emerges as the most effective choice, while
Random Forest remains the top performer for Color Histogram feature extraction.
These discoveries are pivotal, offering crucial guidance to researchers and practitioners
in the agricultural sector, aiding them in selecting the most suitable combination of
feature extraction methods and classifiers.

Future research in tea leaf disease classification can explore advanced deep learning
techniques, incorporate multispectral or hyperspectral imaging, and leverage transfer
learning to improve model training with limited data. These avenues promise progress
in early disease detection, benefiting the tea industry and sustainability.
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