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Abstract. This is an IoT and Al-integrated robotic system for automated disease 

detection, specifically in agriculture. The system employs a row of lot sensors to collect 

real-time data, such as visual, and environmental parameters, which are processed by Al 

algorithms to detect symptoms of diseases. The robotic platform independently moves 

around the environment, sensing plants and making smart decisions based on the data 

obtained. The Al component relies on machine learning models to label various kinds of 

diseases. This self- governing system is capable of changing the way diseases are 

managed through the provision of timely and diminishing the need for human monitoring, 

and enabling effective resource. 
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1 Introduction 

Agriculture is the backbone of the global economic system, ensuring food security and 

providing livelihood for billions of people. Yet the sector is constantly challenged by 

growing populations and climate change and in the face of an ever-strained planet. One of 

the most basic problems farmers face is the way pests and diseases diminish crop 

productivity. Conventional approaches for identifying and addressing these issues usually 

rely on manual methods that are slow and error-prone, making it difficult to respond in a 

timely manner. Nowadays, novel technologies such as IoT and AI are revolutionizing 

solutions to these challenges. Inspection time can also be reduced because of Big Data 

analysis and real-time sensing-based crop inspection, enabled by networked sensors in the 

Industrial Internet of Things (IIoT). This results in faster and more accurate disease 

detection. 

With the introduction of robot systems, the synergy is extended further, as monitoring and 

intervention tasks can be carried out automatically with minimal human involvement. In 

this paper, we propose an IoT- and AI-integrated robotic system for disease and pest 

control the focus is on enriching farm productivity and sustainability. Combining cutting 

edge image processing, sensor fusion, and supervised machine learning techniques, this 

system is poised to transform agriculture. The focus is on enriching farm productivity 

and sustainability through early identification, targeted interventions and data- driven 

decisions. The proposed system is also cost-effective and scalable making it feasible for 
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farmers with different financial backgrounds. The use of such system by farmers reduces 

the need for spraying their entire field with a pesticide and enables precision farming, 

leading to efficient use of resources and sustainable agriculture practice. In this paper we 

present the essential components, techniques, and future prospects of this integrated 

approach and highlight its importance in shaping the future of agriculture. 

2 Literature Survey 

Gawande and Sherekar (2023) presented that the IoT working along with machine 

learning techniques can be useful to analyze crop diseases in real time. Their work 

focused on the fact that IoT sensors measure environmental and crop health related 

parameters where said data is processed by machine learning algorithms to forecast 

diseases. Such a system could intervene promptly and prevent crop damages, therefore 

showing the potential of IOT-based precision agriculture [1]. Mamun et al. (2024) 

conducted a systematic review of self-supervised learning in plant disease detection. The 

contributions of their work underscore how self- supervised methods reduce the reliance 

on large amounts of labeled data (which is scarce in agricultural studies settings). By 

using abundant unsupervised reference samples, the accuracy and robustness of 

classification can be improved [2], which is particularly suitable for complex agricultural 

areas. 

Forhad et al. (2023) presented an autonomous robotic system for plant disease 

identification in the field. This system can automatically move in the field, identifying 

disease plants and saving human labor. Their results showed that our robotics can be 

applied to agriculture, and it is possible to manage the farming process by monitoring 

continuously the field and early detecting of plant diseases [3]. A disease prediction 

model using machine learning technique based IOT was recommended by Siddiqui, 

Ahmad, and Fatima (2023). They collected crop health data using IoT sensors and used 

predictive algorithms to get accuracy in disease detection. The methodology of the criteria 

helps farmers to make decision early with enough time before spread of diseases [4].  

Yuan, Luo and Xu (2022) was devoted to the use of deep learning models for crop disease 

identification. Their experiments with CNN indicate that their method performed 

considerably better than traditional classification strategies. The authors of the study 

claimed that the findings underscored the transforming nature deep learning can have on 

plant pathology to automate disease diagnosis more accurately [5].  Singh (2022) Smart 

farming applications of IoT in agriculture were investigated by singh (2022). The chapter 

described several applications, such as soil monitoring, weather forecasting, irrigation 

system control and disease prediction. To highlight the potential of IoT, Singh showed 

how connected devices could turn traditional farming into smart and resource efficient 

systems [6]. 

Qimeng et al. (2021) used convolutional neural networks to classify the agricultural 

technology article. While their focus was on text classification, this work demonstrates 

the ability of CNNs to apply across multiple modalities, not just images. This research has 

shown that AI is widely applied in agriculture, from knowledge processing of research to 

on-field support [7]. Arif (2025) suggested Edge AI for smart agriculture, which contains 

IoT devices with lightweight and low-power that have on-device learning. This will allow 



you to make some non-cloud-centric decisions in real time. This method complements the 

sustainable monitoring of crops, especially in rural regions where internet coverage is 

scarce [8]. 

Mehedi et al. (2022) Integrated transfer learning and explainable AI for plant leaf disease 

detection. Their proposal was high on classification accuracy and at the same time it 

offered the possibility of interpreting the results of model predictions. This transparency 

is crucial in earning the trust of farmers and agricultural professionals such as AI-based 

decisions on crop health [9]. The work of Rahmadian and Widyartono (2020) focused on 

autonomous robotics in agriculture. Various types of seeders, irrigators and disease 

detector in the robotic systems were reviewed. Their work stressed how automation 

decreases labor requirements and increases farm efficiency, leading to a general logic of 

applying automated farming systems [10]. 

Holzinger et al. (2024) proposed the idea of human-centred AI and Robotics in smart 

farming, a concept which is close to Agriculture 5.0 perspective. Their research was a 

reminder that AI is not intended to replace farmers, but rather to assist and enrich their 

decision making. This view encourages trust and a working environment where 

technology is designed to enable human expertise [11]. Yadav et al. (2023) carried out an 

overview on IoT-based and machine-learning crop growth monitoring with blockchain 

implementation to ensure data security. Their work has indicated how blockchain enables 

immutable and transparent records in agriculture domain, and it’s a good trustful 

environment for smart farming [12]. 

Singla et al. (2024) also compared various machine learning models in automating crop-

disease detection. They compared conventional ML and deep learning methods in their 

research, where it was noted that deeper models achieve better performance even if 

traditional ML approaches can still be competitive for efficiency. This comparative study 

is useful to fine-tune the AI selection for use in agriculture [13]. Balamurali et al. (2025) 

designed a solar paneled IoT based water irrigation system which is integrated with 

Rainfall prediction. Water in agriculture is avoided by data integration with the 

environment and an IoT automation. Their research demonstrates how renewable sources 

of energy and predictive technologies could be used to improve irrigation management 

[14]. 

Padhiary et al. (2024) presented an overview of machine learning and AI vision 

applications for farm automation. For example, they studied approaches in all-terrain 

vehicles in agriculture, where AI vision systems support autonomous driving and work 

performance. The results emphasize the rising position of AI in mechanized agriculture 

[15]. Saravanan et al. (2023) studied sensor failure detection of WSNs applied in Wind 

turbine monitoring, which can also be adapted for agriculture. They used a wavelet 

performance analysis to detect and isolate defective sensors. Reliable sensor data is 

critical in IoT-based farming as accuracy affects directly decision making [16]. 

Ferentinos (2018) used deep learning for plant disease detection and identification. His 

research showed that convolutional neural networks could effectively detect several 

diseases and disorders, setting a baseline in the early days of deep learning for agriculture. 

This work is often considered seminal in AI-based plant pathology [17]. The study by 



Kamilaris and Prenafeta-Boldú (2018) was one of the first to inquire into the inclusion of 

deep learning models in agriculture. They specifically emphasized the disruptive 

capability of AI in areas of crop monitoring, yield prediction, and disease recognition. 

Their results offer a roadmap for further AI applications in agriculture [18].  

Ramesh and Vydeki (2020) developed a deep neural network model with optimized Jaya 

algorithm for identification of paddy leaf disease. Their method enhanced the disease 

classification accuracy and the dimension of experimental samples was reduced. The 

presented work showcases how optimization methods can empower deep learning for 

agricultural tasks [19]. 

3 System Analysis 

3.1 Existing System 

Traditional disease monitoring practices are primarily manual inspections or simple 

sensor-based monitoring. However, these methods are in artifactual and nonreal-time for 

data acquisition, and it is hard to pick up diseases at the early stage. In addition, the 

existing systems are lack of the AI-models for accurate disease classification, leading to a 

low efficiency of early warning and increasing crop losses. Due to its dependence on 

human labor and low response speed, traditional method of disease detection is unable to 

meet the requirement of automation for modern large-scale agriculture.  Fig 1 shows the 

flowchart of existing system. 

 

Fig.1. Flowchart of existing system. 



3.2 Proposed System 

The proposed IoT- and AI-powered robotic platform is designed to navigate farm fields 

autonomously for gathering live environmental data and image data. This data is fed into 

state-of-the-art machine learning models that can accurately detect and classify plant 

diseases. Remote monitoring is possible with the cloud software system, and automated 

interventions are applied, for example, in the form of targeted pesticide treatment and 

irrigation control. Such an advanced method of disease control will optimize the 

productivity level of both farm practices and crop resistance to diseases. Fig 2 shows the 

block diagram. 

 

Fig. 2. Block Diagram. 

4 Methodology  

4.1 Software Implementation 

The software architecture of the system is essential to ensure continuous data processing 

and real-time decision-making and efficient disease classification. The application 

integrates the latest AI algorithms written in Python, and uses frameworks such as 

TensorFlow and OpenCV for image manipulation. The programmed crunches large 

amounts of agricultural data and, over time, becomes more accurate in classifying through 

machine learning. A Robust cloud-based eco-system with data broadcasted live it enables 

farmers and agriculture experts to remotely monitor the field to plan or make changes in 

real time. The new system’s interface is intuitive, a mobile app and web dashboard  

presents observable insights in easy-to-understand visualizations. The incorporation of 

computerized alert systems also ensures farmers are alerted instantly immediately disease 

identification, allowing for prompt interventions. There are other key software updates, 

such as the adaptive learning model the burger learns from, which gets more accurate as 

time goes by, historian through historical reconstruction and adaptation of developed 

through engaging in historical study and changing classification in the light of it. In a bid 

to make the system even more user-friendly, multilingual forms have been incorporated so 

the system can be used by other farming communities. Furthermore, the IoT connectivity 

module increases network communication to enable the smooth data transmission between 

the robotic platform, cloud storage, and end-user interfaces. High speed processing of the 

software framework makes for immediate disease detection, so farmers know right away 

what action they need to take. Future improvements to the software will focus on 



extending its features through AI-based predictive analytics, where it will become feasible 

to predict disease outbreaks, based on historical and real-time data trends. Fig 3 shows the 

GUI interface. 

 

Fig. 3. GUI Interface. 

4.2 Hardware Implementation 

The hardware integration of the IoT and AI- Integrated Robotic System for Automated 

Pest and Disease Management involves mounting different components to maximize their 

functionality. The main goal is to create an autonomous robotic system that can sense 

plant diseases, pests, and soil conditions in real-time. The Raspberry Pi Pico serves as the 

power source, acquiring sensor data, controlling motors, and AI-driven disease detection. 

There is an in-built camera module taking live images of plants to detect diseases and 

pests by employing machine learning algorithms. Sensor integration consists of a soil 

moisture sensor to identify irrigation requirements, a DHT11/DHT22 temperature and 

humidity sensor to track environmental conditions, and IR sensors to detect obstacles and 

for line following. Mobility is provided using DC motors driven through an L298N motor 

driver with a specially designed chassis mounted on it for smooth traveling. A 

rechargeable Li-ion battery powers the unit, controlled by a voltage regulator to provide 

stable operation. IoT and communication are provided with an ESP8266/ESP32 Wi-Fi 

module for remote control via interfaces such as Blynk or Firebase, and an HC-05/HC-06 

Bluetooth module for local manual control. AI-powered detection is provided using 

TensorFlow Lite and OpenCV on the Raspberry Pi Pico, allowing real-time disease and 

pest identification through edge AI computing. The process of implementation entailed 

assembly of hardware, calibration of sensors, integration of motor control and navigation, 

connection to IoT, and rigorous testing within agri- fields for efficiency and reliability 

verification. This hardware support provides the robotic system to function in actual farm 

conditions, with the subsequent stage concentrating on the refinement of software for 

optimization and additional enhancements to precision and efficiency. Fig 4,5 LCD and 

hardware kit. 



 

Fig. 4. LCD. 

 

Fig.5. Hardware Kit. 

 

5 Experimental Results and Discussions 

Experimental testing of the developed system was conducted in several different 

agricultural fields with various environmental conditions. The robot system was used to 

drive through the crops autonomously, taking real-time images and environmental 

readings, and these were processed using AI-based algorithms for classifying diseases. 



The system proved to have an excellent capability of early disease detection, greatly 

minimizing the transmission of infections. Farmers have documented significant crop 

health and productivity improvement as timely treatments processed on AI algorithms for 

disease classification. The device has also demonstrated a remarkable ability to detect 

disease early, which can be very effective to reduce the transmission of infections. Farmers 

have already seen, and documented, improvements in the health and productivity of their 

crops as interventions were made in-time based on the inputs provided by the system. 

Comparative study with control revealed that use of pesticides was drastically reduced 

which was in line with sustainable method of farming. The efficiency in disease 

identification by the system was also enhanced by its ability to integrate a range of data 

including temperature, humidity and soil type. The combination of AI based diagnostics 

with real-time environmental sensing led to a holistic approach to plant health 

management. Finally, as data continues to be archived using cloud storage, researchers 

might be able to conduct long-term trend analysis identify cyclical trends of diseases and 

increase the effectiveness of predictive modeling. Experiments are conducted and 

demonstrated that the proposed system not only can achieve high accuracy for detecting 

diseases but also can be helpful for resource planning and cost reduction, which makes it a 

good choice for the present and future agriculture. 

6 Conclusions 

The deployment of an IoT and AI-combined robotic system for autonomous disease 

detection is a major leap in precision agriculture. The system effectively overcomes major 

challenges of farmers, including early disease detection, efficient resource allocation, and 

eco-friendly farming. Continuous monitoring of crop health, environmental data analysis, 

and real-time feedback ensure that farmers can proactively act to avoid extensive crop 

loss. Experimental trial findings underscore the potential of the system to transform 

farming disease management as an effective, affordable, and scalable solution. Through 

the AI pattern recognition property, the system learns to identify new disease patterns, thus 

possessing high pattern recognition property, the system learns to identify new disease 

patterns, thus possessing high reliability in long-term implementation. Additionally, the 

cloud nature of the system allows for knowledge sharing among farmers' researchers for 

improved data- based decision-making across the globe. Future developments will 

continue to perfect its functionality, incorporating sophisticated automation methods to 

increase the system's adaptability and intelligence. Combining AI, IoT, and robotics in 

new-age agriculture not only increases efficiency but also delivers a more sustainable and 

eco-friendly method of agriculture, ultimately providing global food sources for the future.  

7 Future Work 

Future work on the suggested system will involve improving AI-based disease 

categorization using developments in deep learning and expanding the scope of 

observable plant diseases. The incorporation of drone surveillance systems will improve 

surveillance efficiency, yielding a wider area of view and enhanced data gathering 

efficiency. Furthermore, the use of block chain technology will effectively improve the 

security and privacy of data and improve efficiency transparency and to make records in 

agriculture immutable and shareable for scrutiny. "Generalization of real-time adaptive 



learning algorithms will permit this system to adjust classification parameters 

dynamically in response to the varying climactic conditions and emergence of new 

diseases." To enhance the usability of the system, the future research will focus on 

developing a light-weighted hardware modules and energy-efficient intensive solutions, to 

minimize the cost of operation for the farmers. Furthermore, the system will be 

interoperable with various Agri-implements, enabling integration with existing precision 

farming machinery. Future studies will consider the socio-economic impact of widespread 

adoption, including examining the capability for reducing the agricultural waste as well as 

for improving the food supply chain management. In the future, continued research in the 

area of this technology platform will drive agricultural technological development, and 

make smart farming technology system more available and efficient for farmers globally.  
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