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With the advent of Deep Learning (DL), researchers have taken a keener interest in
recognizing images, which have applications in areas such as automated classification and
Systems, Disease Detection. the diagnosis of plant diseases. The plant’s ability to grow is compromised when it becomes
sick. Numerous tea leaf diseases aim specifically at slowing down the crop’s growth pace.
Several ways of detecting disorders in tea plants using DL are the focus of this work. In this
research, the state of the art in DL-based approaches to disease detection and diagnosis in tea
leaves was surveyed. Various DL-based methods, including convolutional neural networks
(CNNs), are reviewed in this article, with an emphasis on their implementations, datasets
used, and performance measures. Although these strategies provide encouraging outcomes
in restricted environments, there are several obstacles to their actual implementation. The
study points out where existing studies fall short and offers suggestions for future research
to help move the area forward. To help academics and practitioners come up with creative

solutions, a comprehensive examination of unresolved issues was provided.

INTRODUCTION management and decrease financial damage, DL
ML and DL techniques are widely applied in every approaches have attracted a lot of interest for usage in
field including temperature forecasting, rainfall the agricultural sector, especially for identifying tea leaf

prediction [1], cyber security, E-Commerce, churn
prediction, disease detection, price prediction, text
classification, opinion mining, sentiment analysis,
recommendation systems, Internet of Things (IoT) [2],
agriculture, farming, Wireless Sensor Networks (WSNs),

and healthcare. Because of its ability to improve crop

disorders. Many industries, including farming, have
benefited from the advancements in technological
advances in computers that are based on intelligent
systems. Fruit ripeness grading, controlling land use,
plant monitoring, and identifying infections in plants are

just a few of the many uses for this technology. Because
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it impacts the quality of the finished product, plant
disease identification should be a top priority. Hence, to
get proper treatment and stop the spread of plant
diseases, early detection is crucial.

Some of the viral, bacterial, and fungal diseases that
may affect tea plants are anthracnose, leaf spot, gray
blight, and leaf blight. It is challenging to physically
monitor each plant over a large territory since disease
signs are usually visible on the leaves of tea plants. An
advanced technique has to be created to identify and
categorize tea leaf diseases in their early stages. Because
DL has been so effective in disease classification for
banana, tomato, tea, maize, sugarcane, apple, grape,
potato, and citrus plants, it is now seeing a surge in its
use. Various tea diseases can appear in the leaves area
like algae leaf spots, brown blight, white spots, gray
blight, helopeltis, bud blight, and red spots. The images
of different types of tea leaf diseases are shown in Fig.1.
Data preparation includes collecting, preprocessing, and
labeling raw pictures of tea leaves with diseases
matching them; this is the first step in the overall
architecture of a DL-based disease detection system for
tea leaves, as illustrated in Fig. 2. Next comes the
learning framework, which specifies the design of the
DL model —typically using transformer-based models or
CNNs—trained on the pre-prepared dataset. While
developing the model, iterative optimization of loss
functions is used with training and validation datasets to
instruct the model on how to extract features and assign
them to the relevant disease classes. Once trained, the
model can detect tea leaf diseases or pathology by
assigning a predicted class to incoming input images.
Lastly, the model's dependability and efficacy in
practical situations are confirmed by performance
assessment utilizing measures like accuracy, precision,

recall, Fl-score, and sometimes visuals like confusion

matrices.
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Fig. 2. General Architecture of DL-based tea leaf disease
detection model

RELATED WORKS

CNN:s trained on tiny, often homogenous datasets are
the backbone of most current methods. When put to use
in practical situations, these models often overfit and fail
to generalize. Due to their capacity to extract hierarchical
features, CNNs have become the most popular DL
model for image-based illness identification. Also
investigated were methods like transfer learning; by
fine-tuning pre-trained models using pictures of tea
leaves, they were able to increase classification accuracy
while decreasing training time. While earlier research
using CNN designs such as VGG-16 and ResNet-50 to
categorize illnesses in tea leaves achieved good accuracy,
it relied on short datasets, which limited its ability to
generalize. Also investigated were methods like transfer
learning; by fine-tuning pre-trained models using
pictures of tea leaves, they were able to increase

classification accuracy while decreasing training time.
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The current techniques for detecting diseases in tea

leaves have several serious flaws that make them

unreliable, particularly when applied to real-world

scenarios. A review of different CNN-based tea leaf

detection systems, datasets employed, performance

metrics employed, and demerits is shown in Table I. Due

to their restricted datasets and poor generalization to a

variety of environmental variables, existing tea leaf

disease detection systems often struggle with low

accuracy. Existing methods could also be less resilient to

changes in illumination, scale, and leaf position, as well

as overlapping symptoms.

Furthermore,

a lot of

approaches mostly depend on manual feature extraction,

which may be laborious and error-prone, which restricts

scalability and the potential for real-time applications.

The limited integration of real-time monitoring systems

or the IoT is another problem in existing methods that

makes it difficult to provide timely warnings and

preventative steps for efficient disease management.

studied.
Accuracy=90%.

Low recognition

rate.

Black rot and

The study is limited
to two types of tea

leaf diseases.
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diseases were
studied.

optimizer, and
changing layer

count were not used.

ANALYSIS OF TEA LEAF DISEASE DETECTION
METHODS

Hybrid and ensemble methods have been suggested
as a means to circumvent the shortcomings of individual
CNN models. Models, especially DNN, tend to overfit
the training data when there aren't enough different
datasets. While this produces impressive accuracy on
test datasets, it drastically decreases performance when
faced with novel situations. Shadows, occlusions (such
as overlapping leaves), and background clutter are
examples of real-world noise that may impact pictures
and cause models to misclassify illnesses. Models work
well on dominant classes but miss minority classes due
to the underrepresentation of rare diseases in datasets.
To increase diagnostic accuracy, most systems just use
picture data and exclude additional relevant information
like as soil health, climatic conditions, or pest population
statistics. Not all state-of-the-art models are viable for
implementation in resource-limited situations, such as
rural tea plantations, since they demand large
computing resources.

Due to dataset limits, ecological fluctuations, and a
lack of scalability, DL-based tea leaf disease diagnosis
has full

improvements in automation and accuracy. Tackling

not yet reached its potential, despite
these drawbacks needs a comprehensive strategy that
integrates developments in model design, dataset
generation, and comprehensibility. To connect research
prototypes with real-world applications, agricultural
specialists, data scientists, and legislators must work
together. The use of new technologies, such as edge Al
and investments in open-source datasets and tools will
hasten the advancement of this crucial field. It is
observed from the current work that most of the CNN
models when employed individually achieved an
accuracy ranging from 73% to 96%.

The analysis of tea leaf disease detection models based
on various DL architectures reveals a diverse range of
accuracies across different methods. Several studies
employed CNN-based models, achieving varied
accuracy results, with the highest being 96% and a lower
accuracy of 73%. Other models, such as EfficientNet and

GoogleNet demonstrated solid performance yielding

accuracies of 93.60% and 85% respectively. Some more
advanced techniques like DNN and Densenet achieved
higher accuracies, with values of 96.56% and 96%,
respectively. The use of specialized architectures like the
swim transformer also resulted in a recognition rate of
94%. These findings highlight the potential of CNNs and
other advanced models in effectively detecting tea leaf
diseases, with more sophisticated models and
architectures consistently leading to better performance.
Overall, the accuracy of these models ranges from the
low 70s to mid-90s, suggesting ongoing improvements
in the detection of tea leaf diseases as more advanced
models are utilized. Most of the research conducted to
identify tea leaf diseases using CNN ended up with an
accuracy of greater than 90% which is shown in Fig.3.
Young researchers can concentrate on developing
mobile-based applications for identifying tea leaf
diseases and integrating models with IoT devices to
deploy them in real-world applications. Based on current
research, it is determined that DL-based tea leaf disease
detection uses sophisticated algorithms, like CNNs and
transformer models to reliably detect and categorize leaf
diseases from image data. This allows for accurate and
automated disease monitoring for better crop
management.
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Fig. 3. Accuracy comparison graph of existing tea leaf

disease detection methods

OPEN CHALLENGES

After a comprehensive examination of existing tea leaf
diseases, a few open challenges were identified from the
current work. These open challenges will be useful to

young researchers and practitioners who are working in
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the field of plant leaf disease detection. These open

challenges are given in Table II.

TABLE II. OPEN CHALLENGES AND SOLUTIONS

Attribute Open Challenge Solution

Lack of | Models often lack | Models can be integrated

Real-Time integration with | with IoT-based systems

Detection real-time for real-time data

Systems monitoring acquisition and prediction.
systems, reducing | Cloud-based or edge
their applicability | computing can be
in field scenarios. | employed to  balance

performance and latency.

Models trained on
known

Adaptation to Few-shot learning, Liquid

New Disease diseases | Neural Networks (LNN),

Types struggle to detect | or continual learning
emerging or | approaches can be
previously unseen | adapted to identify new
diseases. disease types.

Models Many interfering | Using sophisticated DL

deployed in | parameters like | models in conjunction

real-world insects, uneven | with preprocessing and
applications lighting data augmentation
using IoT | conditions, etc | methods is a reliable way
devices affect the accuracy | to increase resistance to
of tealeaf disease | interfering factors like
identification. insects and fluctuating
illumination.
CONCLUSION

Since the introduction of DL, researchers have shown
a greater interest in the process of image recognition.
This is because image recognition has applications in a
variety of fields, including automated categorization and
the detection of plant diseases. It is detrimental to the
plant's capacity for growth when it is afflicted with a
disease. Numerous illnesses that affect tea leaves are
particularly designed to slow down the rate at which the
crop grows. This paper focused on several different
methods that may be used to identify problems in tea
plants by using DL. For the current study, a survey was
conducted to determine the current state of the art in
DL-based techniques for disease detection and diagnosis
in tea leaves. Several different DL-based approaches,
such as CNNs, are discussed in this work. The focus is
placed on the implementations of these methods, the
datasets that are used, and the performance metrics that
are utilized. Although the application of these tactics in
constrained circumstances may result in positive results,

several barriers must be overcome before they can be

executed. The research highlighted the areas in which
previous studies have failed to meet expectations and
provided recommendations for further research that
might assist in advancing the field. An in-depth analysis
of problems that have not yet been addressed is
provided in this work to facilitate the development of

innovative  solutions by both academics and

practitioners.
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