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Abstract: Tea farming faces significant challenges due to diseases that reduce yield and quality, posing threats to the sustainability of 

production systems. Integrating unmanned aerial vehicles (UAVs) with artificial intelligence (AI) offers transformative potential for early 

disease diagnosis, enabling precision management and sustainable practices in tea cultivation. This review explores state-of-the-art UAV 

platforms equipped with multispectral, hyperspectral, and thermal imaging sensors, which capture high-resolution data for disease detection. 

Advanced AI techniques, including machine learning and deep learning algorithms, process this data to identify disease patterns, severity, and 

spread with remarkable accuracy. Furthermore, the integration of UAVs and AI reduces reliance on chemical inputs by facilitating targeted 

interventions, contributing to environmental sustainability and cost efficiency. By analyzing existing studies and advancements, this review 

highlights the potential of UAVs and AI in transforming tea farming, addressing challenges, and providing actionable insights for future 

research in agricultural automation and disease management. 
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1. Introduction 
 

Preventing diseases that might lower the number and quality of 

tea leaves is one of the issues facing tea growing in order to 

ensure sustainability and high-quality outputs. Manual 

inspections, which are the foundation of traditional procedures, 

can be time-consuming and labour-intensive [1]. Traditional 

approaches are unable to keep up with the emergence of new 

diseases as tea production grows. Tea cultivation is one of the 

agricultural techniques that could be revolutionized by the 

combination of artificial intelligence (AI) and unmanned aerial 

vehicles (UAVs). Early disease identification is made possible 

by the ability of UAVs, configured with high-resolution 

cameras and sensors, to take detailed aerial photos of tea 

plantations [2]. These technologies, when paired with AI, can 

examine enormous volumes of data to spot trends and forecast 

the course of diseases, enabling farmers to take pre-emptive and 

effective action. Benefits of using AI and UAVs in tea disease 

management include reduced pesticide use, accurate 

monitoring, and real-time disease diagnosis [3]. The high 

expense of drones and sensor systems, the requirement for 

effective AI models, and the obstacles to adoption that 

traditional farmers confront are some of the difficulties that 

come with the integration. Considering an emphasis on early 

disease diagnosis, the study investigates how AI and UAVs 

might improve disease management in tea farming [4]. It 

assesses the efficiency of AI algorithms and UAV-based 

monitoring systems in identifying and diagnosing common tea 

diseases, pinpoints financial and technical obstacles, and 

investigates the advantages of environmentally friendly farming 

methods [5]. The goals include determining the precision and 

dependability of AI algorithms and UAV-based imagery, 

analyzing the difficulties in applying these technologies in the 

tea field, and investigating the financial and environmental 

advantages of early disease detection and focused disease 

control through the use of UAVs and AI [6]. 

 

2. Technological Overview 
 

Drones, sometimes referred to as unmanned aerial vehicles, 

have become extremely effective technologies for precision 

agriculture, which includes controlling diseases in crops like tea 

[7].  

 

2.1 Types of UAVs for Agricultural Monitoring 

 

UAVs are multipurpose agricultural devices that are very useful 

for growing tea. Multirotor UAVs are perfect for small to 

medium-sized tea plantations since they are lightweight, 

reasonably priced, and simple to use [8]. For surveying huge tea 

plantations and taking high-level photos over wide fields, fixed-

wing UAVs are perfect since they can fly for longer periods of 

time and cover more ground. They provide thorough, large-

scale monitoring, but are less maneuverable than multirotors. 

Large tea plantations with a variety of topographies can be 

monitored in-depth and widely thanks to hybrid UAVs, which 

combine the capabilities of fixed-wing and multirotor UAVs. 

All things considered, UAVs are essential to agriculture 

because they offer a complete and effective solution for a range 

of activities [9], [10]. 

 

2.2 Sensors for Disease Detection and Monitoring 

 

Already a lot of promise for managing and detecting diseases in 

tea is growing through the use of AI and UAVs. Large-scale tea 

plantations can be monitored by UAVs fitted with sophisticated 
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sensors, which can gather vital information for early disease 

detection. Such information can be processed by AI systems, 

allowing for predictive analytics, real-time disease detection, 

and well-informed decision-making [11]. The procedure 

increases yield, decreases environmental impact, and improves 

crop health [12]. Subsequently, it also provides resource 

optimization, sustainability, and cost-effectiveness.  

 

2.3 Capabilities of UAVs in Tea Cultivation 

 

Unmanned agricultural vehicles have shown immense potential 

in addressing the challenges of disease management in hill 

farming terrains [13]. UAVs may significantly enhance disease 

control in tea cultivation when integrated with sensors and AI 

technologies. UAVs offer valuable information on plant health 

indicators such as leaf color and texture by taking high-

resolution aerial photos. Because of their rapid coverage of 

wide areas, typical manual inspections are not feasible [14]. 

Farmers can quickly detect disease regions thanks to real-time 

data gathering and analysis, which lowers pesticide use, 

expenses, and environmental effect [15]. Additionally, by 

detecting diseases early on, UAVs can stop the spread of disease 

and reduce the need for extensive pesticide remedies. 

 

3. Basics of AI Techniques  
 

3.1 Machine Learning (ML) 

 

A subset of artificial intelligence called machine learning (ML) 

allows computers to recognize patterns in data and generate 

predictions without the need for explicit programming [16]. ML 

can categorize and forecast disease outbreaks in tea disease 

management by utilizing data gathered by unmanned aerial 

vehicles. To distinguish between healthy and miserable tea 

leaves, supervised learning employs methods such as decision 

trees, support vector machines (SVM), and k-nearest others [17] 

. Clustering and dimensionality reduction are two examples of 

techniques used in unsupervised learning to uncover hidden 

patterns in data without labeled output for anomaly 

identification. UAV deployment for large-scale tea plantation 

monitoring could be optimized through the use of reinforcement 

learning, a technique in which agents learn to make decisions 

by interacting with their environment and getting information 

[18]. 

 

3.2 Deep Learning 

 

An effective method for recognizing images and identifying 

diseases in tea plantations is deep learning, a type of machine 

learning. The most popular deep learning architecture, CNNs, 

are perfect for processing UAV photographs since they are good 

at identifying visual patterns in pictures [19]. RNNs can 

monitor changes in plant health over time and provide early 

warnings about possible outbreaks; they are more frequently 

utilized in time-series analysis. When annotated disease photos 

are scarce, GANs—which are composed of two neural 

networks—can produce artificial training data to supplement 

datasets [20]. A more effective method called transfer learning 

speeds up the training process and eliminates the need for large 

labeled datasets by improving a pre-trained model for the 

particular task of disease detection in tea plants. In general, deep 

learning is a powerful tool for detecting diseases in tea 

plantations [21] [17]. 

 

3.3 Image Processing 

 

The area of technology known as image processing is concerned 

with modifying and interpreting images in order to derive 

valuable information. It is essential for evaluating photos of tea 

plants taken by unmanned aerial vehicles and spotting outward 

symptoms of disease in the tea-growing industry [22]. Accurate 

and effective disease diagnosis is made possible by combining 

AI methods like machine learning and deep learning. picture 

quality is improved by pre-processing and feature extraction 

methods such as contrast correction, normalization, and picture 

filtering. For the purpose of detecting diseases, image 

segmentation splits a picture into sections according to features 

like color or texture [23]. Color analysis assists in determining 

the severity of the disease and detecting minute variations in 

leaf color, such as those caused by nutrient deficits or disease. 

Early diagnosis of illnesses that might go undetected until they 

spread widely is made possible by pattern recognition 

algorithms, which can recognize distinctive patterns in leaves 

or plant structure [24]. By combining data from many sensor 

types, image fusion techniques provide a more complete picture 

of plant health and make disease diagnosis more precise and 

accurate. 

 

3.4 AI Integration for Disease Diagnosis 

 

AI models may identify diseases in tea plants early on by 

utilizing machine learning, deep learning, and image-

processing approaches [25]. AI systems analyze the data 

collected by UAVs equipped with sophisticated sensors to 

identify and diagnose common illnesses like pestalotiopsis and 

blister blight. By recognizing trends and symptoms, these 

models can reduce the use of pesticides and enable proactive 

management [26], [27]. Additionally, they are able to forecast 

the course of diseases, which enables farmers to take 

preventative measures (Fig. 1). 

 

 
Figure 1: Conceptual framework of UAV and AI integration 
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4. Current State of Disease Detection and 

Management  
 

4.1 Common Diseases in Tea Farming 

 

Numerous diseases, such as blister blight, tea pest bug, 

pestalotiopsis blight, grey blight, and anthracnose, can affect tea 

plants [28]. A fungal disease called blister blight severely 

damages leaves and lowers output, especially in humid areas. A 

fungal disease called pestalotiopsis blight reduces 

photosynthetic ability and results in crop loss by creating 

lesions and black spots on leaves. By feeding on immature 

shoots, the insect Tea Mosquito Bug exposes plants to 

secondary diseases [29]. Cercospora causes grey blight, which 

reduces photosynthetic ability by causing gray lesions on 

plants. If left untreated, anthracnose, a fungal disease that 

affects both leaves and stems, can produce sores and even kill 

plants, particularly in damp and humid environments [30]. 

 

4.2 Traditional Methods  

 

Traditional techniques like visual inspections, recurring 

surveys, and chemical treatments are the main tools used by tea 

producers for disease identification and management. 

Particularly in big plantations, these techniques are labour-

intensive, time-consuming, and prone to human error [31]. It 

might be challenging to identify diseases because they 

sometimes don't exhibit obvious symptoms. Farmers frequently 

find it difficult to maintain the regular monitoring that is 

essential for early disease diagnosis. Chemical pesticides are 

frequently employed, but overuse causes degradation of the 

environment, higher production costs, and pesticide resistance  

[32]. The long-term viability of tea cultivation is called into 

question by this over-reliance. Furthermore, small-scale tea 

producers, especially those in developing nations, are unable to 

access the most recent agricultural research and technologies, 

which hinders their capacity to detect illnesses early and 

implement contemporary disease management techniques [33]. 

 

4.3 Limitations of Traditional Approaches 

 

The drawbacks of traditional disease control techniques include 

insufficient or erroneous data, resource-intensive human 

monitoring, delayed discovery, and negative effects on the 

environment and economy from excessive pesticide use. Higher 

losses could result from visual inspections failing to identify 

illnesses in their early stages [34]. For smallholder farmers, 

manual monitoring can be expensive due to the substantial time 

and human effort required. Furthermore, excessive pesticide 

use can contaminate soil and water, destroy wildlife and 

beneficial insects, and raise tea farming's expenses and 

profitability [35]. 

 

4.4 Advances in Technology for Disease Detection 

 

Advanced technology is being used extensively in tea farming 

to enhance disease management and diagnosis. Large-scale data 

collection using AI, UAVs, and remote sensing is yielding 

comprehensive insights into crop health. Farmers may precisely 

focus interventions by using these tools to identify minor 

changes in plant health before symptoms appear. Disease 

detection is another application for UAVs, which are outfitted 

with thermal, multispectral, and high-resolution cameras [8], 

[36]. Such methods may be combined with AI and machine 

learning to automate early disease indicators and lessen the need 

for physical examinations (Fig. 2). In order to identify disease 

trends, distinguish between healthy and diseased plants, 

forecast disease outbreaks, and suggest specific treatments, AI 

and machine learning algorithms can evaluate data collected by 

UAVs [37]. Also, the parameters for the fermentation process 

for CTC tea may be enhanced with the application of AI for the 

optimization of biological compositions [38]. 

 

 
Figure 2: Tea leaf sample during harvesting 

 

4.5 Current Efforts in UAV and AI Integration 

 

The efficiency of AI and UAVs in identifying diseases in tea 

plants has been demonstrated by studies and experiments. Early 

indicators of fungal infections and disease-induced stressors 

have been identified using multispectral and thermal imaging. 

Convolutional neural networks, in particular, are AI-powered 

disease classification tools that can differentiate between pest-

infested, diseased, and healthy plants, yielding precise 

diagnoses more quickly than hand inspection [39]. Farmers can 

take pre-emptive steps to stop disease outbreaks and lessen the 

need for reactive pesticide use by utilizing predictive modeling 

with machine learning techniques.  

 

5. UAV Applications in Tea Farming 
 

Harvest is being improved by UAVs, which increase 

sustainability, accuracy, and efficiency. UAVs are employed in 

tea cultivation to monitor plant health, diagnose diseases, 

forecast yield, and manage resources [40]. Particularly exciting 

is the combination of sophisticated sensors and AI algorithms. 

Important uses for UAVs include data collecting and mapping 

methods for tea plantations, along with image sensors for 

disease monitoring  [41]. 
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5.1 Key UAV Applications in Tea Farming 

 

Precision agriculture, yield prediction, crop health evaluation, 

early disease detection, pest monitoring, and terrain mapping 

are just a few of the uses for UAVs. By taking high-resolution 

pictures of tea plants, these tools can help identify diseases like 

anthracnose, blister blight, and pestalotiopsis blight early on 

[42]. By detecting minute alterations in plant health, these 

photos enable prompt action and less chemical treatment. 

Targeted pest control procedures are made possible by UAVs' 

ability to monitor pest infestations, including those caused by 

the tea mosquito bug. They can also give farmers information 

on water availability, nutrient shortages, and plant stress, which 

helps them improve crop management techniques like 

fertilization and irrigation [43]. Additionally, by mapping 

regions with differing crop health or disease levels, UAVs can 

aid in precision agriculture and resource management, lowering 

waste and costs. Additionally, UAVs can create detailed 3D 

maps of tea plantations, providing valuable information on 

terrain, slopes, and irrigation systems, ensuring efficient 

resource use, and preventing waterlogging or erosion [44]. 

 

5.2 Types of UAVs Used in Agriculture 

 

Aerial mapping, disease monitoring, and orthomosaic mapping 

are just a few of the agricultural applications for UAVs. 

Because they can fly for longer periods of time and have greater 

endurance, fixed-wing UAVs are perfect for large-scale tea 

fields. Because of their exceptional maneuverability, rotary-

wing UAVs—especially quadcopters—are well-suited for 

activities including precision agriculture, disease detection, and 

pest monitoring [45]. The characteristics of fixed-wing and 

rotary-wing UAVs are combined in hybrids, which enable 

vertical take-off and landing while switching to fixed-wing 

flight for extended endurance over wide regions. These 

adaptable instruments can be used for a variety of activities in 

tea cultivation, including focused, high-resolution monitoring 

and extensive surveys [46]. 

 

5.3 Role of Imaging Sensors in Disease Monitoring 

 

In order to track the health of tea plants and identify early 

warning indicators of illness, imaging sensors are crucial in the 

agricultural industry. The principles of sustainable integration 

in aquaponics provide insights for optimizing energy use in 

UAV-based agricultural systems [47]h. Multispectral, 

hyperspectral, and thermal sensors are the three most often 

utilized kinds of sensors. In order to detect diseases and identify 

areas of plant stress, multispectral sensors take pictures at 

different light wavelengths [48]. Hyperspectral sensors provide 

finer resolution for identifying minute variations in leaf 

pigmentation by capturing images over a wider range of 

wavelengths. These sensors are employed in cutting-edge 

research and illness detection. Through the detection of infrared 

radiation and the identification of heat patterns in plants and the 

surrounding environment, thermal sensors determine an object's 

temperature [49]. Due to variations in transpiration rates 

brought on by bacterial or fungal diseases, diseased plants 

frequently display changed thermal characteristics. Thermal 

sensors are used to assess water stress, monitor disease 

progression, and optimize irrigation practices, which can help 

mitigate disease outbreaks. Overall, imaging sensors play a 

crucial role in tea farming, providing valuable insights into 

plant health and disease management [50]. 

 

5.4 Data Collection and Mapping Techniques  

 

Tea farming relies heavily on data collection and mapping 

techniques to detect diseases, monitor plant health, and make 

informed decisions [51]. UAVs, combined with advanced 

imaging sensors and AI algorithms, offer powerful tools for 

capturing and analyzing detailed data from tea plantations. Key 

techniques include orthomosaic mapping, which creates a high-

resolution, georeferenced map of the plantation, useful for 

monitoring large farms and identifying disease outbreaks. 

NDVI mapping, a vegetation index derived from multispectral 

imagery, measures the difference between red and near-infrared 

light to assess plant health [52]. UAV data can be used to 

estimate canopy cover and plant density, helping farmers 

identify areas with sparse growth or disease damage, and 

optimize planting density and irrigation systems. 3D mapping 

and terrain modeling, created by UAVs equipped with LiDAR 

sensors or photogrammetry techniques, help analyze 

topography and optimize planting layouts [53]. Real-time 

monitoring, with live video streaming capabilities, enables 

immediate detection of disease outbreaks or pest infestations, 

enabling swift action and better resource management [54]. 

 

6. AI-Driven Approaches for Disease Detection  
 

AI-driven disease detection in tea growing analyzes data from 

UAVs using machine learning, deep learning, and data 

analytics. This lessens the need for manual processes and 

enhances decision-making. AI can effectively handle vast 

volumes of data, detecting diseases in their early stages, 

forecasting their spread, and suggesting targeted treatments, all 

of which enhance disease control and agricultural output [55]. 

 

6.1 AI Algorithms for Analyzing UAV-Collected Data 

 

Massive quantities of data collected by UAVs with 

sophisticated sensors are processed and interpreted using AI 

systems. By identifying irregularities that point to illness or 

stress in tea plants, they hope to convert unprocessed sensor 

data into useful information (Fig. 3). Images of tea plants are 

frequently classified as either healthy or diseased using 

convolutional neural networks (CNNs), which analyze pixel-

level data to identify disease patterns [56]. By identifying 

distinguishing characteristics like leaf lesions, discoloration, or 

wilting, AI-powered object identification algorithms may locate 

and identify specific disease symptoms or insect damage in tea 

plants. Data fusion, in which UAVs gather several forms of 

data, enables AI to combine these sources to present a whole 

picture of plantation health, facilitating more precise diagnosis 

and distinguishing between diseases with comparable outward 

signs but distinct underlying causes [57]. 
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Figure 3: AI algorithm and disease detection analysis 

 

 

6.2 Machine Learning and Deep Learning Models  

 

AI-driven disease diagnosis in tea growing depends on machine 

learning and deep learning models. Over time, these algorithms' 

accuracy in spotting illness trends can be continuously 

increased by learning from past data. Using labelled data, such 

as pictures of healthy and ill tea plants, supervised learning 

trains a model to distinguish between the two types of plants 

based on characteristics like color, texture, and form [58], [59]. 

CNNs, Random Forests, and Support Vector Machines (SVM) 

are popular algorithms for supervised learning. With the use of 

clustering algorithms such as DBSCAN or k-means clustering, 

unsupervised learning can identify patterns in data without the 

need for labels. CNNs and RNNs two types of deep learning 

models, are particularly useful for evaluating image data and 

identifying visible symptoms of tea plant diseases [60]. And 

modelling temporal patterns in disease development. Transfer 

learning allows pre-trained models to quickly adapt to specific 

tea plant diseases, reducing the need for extensive labelling 

efforts and accelerating their deployment in practical 

applications [61]. 

 

6.3 Integration of Remote Sensing Data with AI  

 

Predictive disease analysis in tea plants is made possible by 

combining AI algorithms with remote sensing data from UAVs 

(Fig. 4). This enables AI algorithms to forecast future disease 

outbreaks and spread by providing real-time views of the 

plantation. Based on climatic factors including temperature, 

humidity, soil moisture, and rainfall, AI models are able to 

forecast disease outbreaks [62], [63]. This makes it possible for 

farmers to take precautions before diseases spread. Using 

machine learning models such as LSTMs, time-series analysis 

of remote sensing data can monitor the spread of disease 

throughout a plantation. In order to evaluate crop health, 

identify early indicators of disease stress, and forecast the 

possibility of disease, AI can also use indices such as the 

normalized difference vegetation index (NDVI) or the 

vegetation condition index (VCI) [64]. Spatial and temporal 

disease mapping can be created using AI algorithms, helping 

farmers optimize resource allocation. AI-powered decision 

support systems provide actionable insights for farmers, 

suggesting the most appropriate disease management strategies 

based on real-time data as well as help create the logistics for 

food processing industries' development [65]. 

 

 
Figure 4: Application of remote sensing in tea farming 

 

7. Benefits and Challenges  
 

7.1 Advantages of UAV-AI Integration in Tea Farming 

 

The ability of advanced UAVs to take close-up pictures of tea 

fields allows for the early identification of diseases that are not 

always obvious. This data can be processed by AI-driven 

algorithms to detect minute changes in plant health, enabling 

prompt action and averting serious crop damage [66]. 

Sustainable agricultural methods are promoted by precision 

targeting, which lowers the use of chemicals and resources. By 

anticipating disease outbreaks and continuously monitoring 

plant health, UAV-AI integration increases yield and cost 

efficiency. Farmers can avoid crop loss by using AI-driven 

predictions to foresee the spread of disease or ideal weather 

conditions. Additionally, UAVs enhance yield prediction and 

quality enhancement, enabling farmers to make well-informed 

choices regarding post-harvest processing, labour management, 

and harvest time.  

 

7.2 Challenges of UAV-AI Integration in Tea Farming 

 

High initial costs, continuous maintenance and training, data 

accuracy and quality, compatibility with current practices, lack 

of technical know-how, privacy, and regulatory issues, 

scalability for small farms, and access to technology in 

developing nations are some of the obstacles to the integration 

of UAVs and AI in tea farming [67]. For small and medium-

sized tea farmers, a high initial investment may be a deterrent, 

and environmental conditions may have an impact on the 

accuracy and quality of data. Another difficulty may be a lack 

of technical knowledge. The vast volumes of data produced by 

AI systems and UAVs raise privacy and regulatory issues. For 

smaller businesses, access to technology and scalability could 

also be issues [68]. 
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8. Challenges and Limitations  
 

8.1 Technological Challenges 

 

UAVs have limited flying time, battery life, and operational 

difficulties in inclement weather, which can make it difficult for 

them to effectively cover sizable tea estates. Significant 

computational power and storage capacity are needed for data 

processing and storage, which can be difficult in remote areas 

with poor access to high-performance computing resources or 

cloud services [69]. Disease detection relies heavily on sensor 

resolution and accuracy, and integrating data from several 

sensors and using AI models presents data integration 

problems. Accurate analysis depends on sensor calibration, and 

it might be technically difficult to integrate data from UAVs 

with other sources without the use of strong data fusion 

techniques [70]. 

 

8.2 Economic Barriers 

 

Due to the high initial investment and continuing maintenance 

expenses, UAVs and AI systems can be expensive, particularly 

for smallholder tea farmers. It might be difficult to get training 

and funding, particularly in developing nations. Since many 

farmers may not immediately see the long-term advantages of 

higher crop output, lower chemical costs, and enhanced 

sustainability, proving the return on investment (ROI) of UAV-

AI technology is essential [71]. 

 

8.3 Skills and Knowledge Barriers 

The integration of AI and UAV technology in tea farming 

requires specialized knowledge, particularly from farmers who 

may lack the technical expertise to operate UAVs, interpret 

data, and manage AI systems. Proper training and support are 

crucial for successful implementation. Resistance to change, 

particularly from traditional tea farmers, may also hinder the 

adoption of these technologies. Overcoming this resistance 

requires outreach, education, and trust-building efforts [72]. 

 

8.4 Data Privacy and Regulatory Issues 

 

Concerns about data privacy, confidentiality hazards, legal 

obstacles, liability issues, and the openness and accountability 

of AI models are just a few of the difficulties that UAVs in 

agriculture present. There may be concerns about data 

ownership and AI model use, especially when these services are 

delivered by outside businesses [73]. Unauthorized individuals 

may get access to sensitive farm data, such as disease trends and 

output rates. Strict airspace and flight laws, which could restrict 

the use of UAVs over wide regions, and liability issues with 

insurance coverage are examples of regulatory obstacles. 

Furthermore, questions of accountability and transparency may 

be raised about AI-driven agricultural decision-making [74]. 

 

 

 

 

9. Future Directions and Research 

Opportunities 
 

Opportunities for disease diagnosis, sustainability, and 

profitability are presented by the use of AI and UAVs in tea 

growing. Miniaturized UAVs will be lightweight and tiny, 

making them particularly helpful in smallholder tea farms, 

while hybrid UAVs and autonomous systems will enhance 

navigation, battery life, and monitoring [75]. Farmers will be 

able to better plan treatments and use fewer pesticides thanks to 

AI technologies like deep learning for disease diagnostics and 

predictive analytics, which will increase yield and 

sustainability. Automated irrigation and disease control will be 

made possible by IoT sensors that track temperature, humidity, 

soil moisture, and plant health information. By providing 

sophisticated predictive tools for disease diagnosis, yield 

forecasting, and figuring out the best times for fertilization and 

irrigation, big data analytics will improve decision-making. The 

use of 3D printing in UAV design supports sustainable and cost-

effective solutions in smart farming [76], [77]. Blockchain 

technology can improve traceability and transparency, 

particularly for organic or sustainably certified tea growers. To 

overcome technological barriers, research should focus on 

affordable UAVs and sensors, improving data processing 

infrastructure, offering subsidies and government support, 

providing comprehensive training programs for farmers, and 

also helping in collaborative marketing [78], [79]. Lessons from 

AI and IoT adoption in smart cities can guide the development 

of connected UAV networks for agriculture [80]. 

 

10. Conclusions 
 

The integration of UAVs and AI in tea farming holds significant 

potential for disease detection and management. UAVs 

equipped with advanced sensors can monitor large-scale tea 

plantations, capturing critical data for early disease diagnosis. 

AI algorithms can process this data, enabling real-time disease 

detection, predictive analytics, and informed decision-making. 

This technology improves crop health, reduces environmental 

impact, and enhances yield. It also offers cost-efficiency, 

sustainability, and resource optimization. However, challenges 

such as technological, economic, and skill-related barriers must 

be addressed to ensure widespread adoption. Policymakers 

must create supportive frameworks while ensuring data privacy, 

regulatory compliance, and fair access to technological 

advancements. 
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