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Introduction 

The rapid increase in the global population is making the 

production and supply of food—our most basic 

necessity—more important than ever. However, the 

agricultural sector faces various challenges, including 

migration from rural areas to cities [1], the resulting 

shortage of agricultural labor, high production costs due to 

fertilizer use, and seasonal droughts. These challenges 

make efforts to improve efficiency in agricultural 

production increasingly critical [2]. 

The most common and traditional practices used to 

increase agricultural productivity are fertilization and pest 

control. Fertilization supplies plants with the nutrients 

required for healthy and rapid growth, while pest control 

prevents the development and spread of plant diseases that 

negatively affect growth and reduce production efficiency. 

Although fertilization can be applied to a desired area in 

controlled amounts, broadcast spraying is often preferred 

in pest control due to its simplicity. In this method, either 

the entire plant or the entire cultivated area is sprayed. 

While tractors and airplanes have traditionally been used 

for spraying, drones and mobile robots have also begun to 

be adopted in recent years [3]. 

Despite its ease of application, the broadcast spraying 

method has several significant disadvantages. The most 

notable drawback is that the entire plant is sprayed rather 

than only the diseased parts. This practice can result in 

agricultural chemicals reaching consumers through plants 

or their fruits, thereby posing risks to human health. 

Reducing pesticide use in agriculture positively affects 

public health and has been a major objective of the 

European Union; Directive 2009/128/EC explicitly aims to 

reduce the risks and impacts of pesticide use on human 

health and the environment, and the EU’s Farm to Fork 

Strategy targets a 50% reduction in the use and risk of 

chemical pesticides by 2030 [4]. Another disadvantage of 

broadcast spraying is the excessive amount of chemicals 

used, which significantly increases spraying costs. 

Considering both spraying costs and the high level of 

consumer exposure to agricultural chemicals, spot spraying 

emerges as a more efficient alternative to broadcast 

spraying. However, spot spraying is not widely adopted 

due to longer operation times, the lack of skilled 

agricultural labor, and high overall labor costs. 

The use of robotic systems is one of the most effective 

approaches for reducing labor costs across many 

industries. Robotics enables improved continuity, 
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ABSTRACT 

 
 

This study presents a novel framework for plant disease detection using artificial intelligence (AI) and 

efficient agricultural spraying via a mobile robotic manipulator. The dataset used to train the AI model 
was created by capturing images of plant leaves with and without disease symptoms and labeling them 

according to the YOLO algorithm. A camera equipped with a depth sensor was employed to detect plant 

diseases, and the location of the diseased regions relative to the end effector was computed using kinematic 
methods. The Robot Operating System (ROS) was used for system integration, while the MoveIt! package 

facilitated kinematic calculations and motion planning of the robotic arm. The robotic arm was mounted 

on a two-wheeled mobile platform that autonomously navigates among plants using the ROS Navigation 
Stack. By enabling autonomous robotic spot spraying of diseased areas, the proposed system reduces both 

labor requirements and pesticide usage in agricultural spraying, thereby lowering pesticide costs and 

minimizing consumer exposure. The framework proposed in this study represents a unique application in 
which disease detection is integrated with autonomous robotic agricultural spraying at the spot-spraying 

level. 
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standardization, and production efficiency. Artificial 

intelligence (AI), in turn, enhances robotic systems by 

enabling decision-making based on learning and 

knowledge, and has been widely recognized for its success 

in tasks requiring expert-level performance. AI plays a 

significant role in diagnosing, identifying, and selecting 

treatment methods in medicine and many other disciplines 

[5]. 

In the literature, agricultural spraying studies primarily 

focus on tractors, drones, and mobile robots [6], each of 

which offers distinct advantages and limitations. Tractors 

have long played a significant role in agricultural spraying 

and remain the primary solution for covering large areas. 

When equipped with sensors and cameras, tractors can 

perform more precise spraying operations [7]. However, 

conventional tractor-based spraying is limited to open 

fields, contributes to soil compaction, and can damage 

plant roots—thereby reducing productivity [8], [9]—and is 

generally not suitable for greenhouse environments. 

Furthermore, broad-area spraying with tractors can lead to 

excessive chemical use compared to more targeted 

approaches [10], [11]. 

In recent years, drones have gained popularity in 

agricultural spraying due to their ability to cover large 

areas quickly, their lower operational costs compared to 

tractors, and their autonomous capabilities [6], [12]. 

Nevertheless, similar to tractors, drones also tend to use 

large amounts of chemicals and are unsuitable for 

greenhouse environments, which limits their applicability. 

Another spraying approach involves the use of mobile 

robots. Agricultural mobile robots are typically designed to 

operate either over or among plants. Although their 

relatively low operating speed makes them unsuitable for 

spraying large areas, mobile robots excel in precision 

spraying, adaptability to both open-field and greenhouse 

environments, and seamless integration with AI and 

image-processing techniques [13]–[15]. However, 

drawbacks include the potential for excessive chemical use 

and the need for customized designs depending on plant 

height. 

In this study, a framework for spraying diseased plants is 

developed by integrating a mobile robot with a robotic arm. 

The inclusion of a robotic arm enables more precise and 

selective spraying [16]. The proposed system’s 

autonomous navigation capability, AI-based disease 

detection, selective spot-spraying functionality, 

greenhouse operability, and adaptability to tasks beyond 

spraying enhance its versatility. Since targeted spraying 

relies on AI-driven image processing, the quality of the 

visual dataset used for disease detection is critical. A 

review of available open-source datasets revealed that 

many focus solely on individual leaves. As such datasets 

were unsuitable for this work, a new visual dataset 

covering the entire height of the plant was created, thereby 

contributing to the literature on agricultural datasets. 

Although the platform can operate in both open-field and 

greenhouse environments, it is particularly well suited for 

greenhouses, where environmental factors such as lighting, 

humidity, and dust are controlled. For open-field 

deployment, additional real-world testing and calibration 

are required. 

Existing studies in agricultural robotics typically focus on 

environmental mapping [17], AI-based plant or disease 

recognition [18]–[24], and spraying operations using 

robotic arms [16], [25]. In many cases, mobile robotic 

spraying targets the entire plant [13], [14], [26], which 

reduces spraying efficiency and increases pesticide 

consumption. To address this issue, Oberti et al. 

implemented spot spraying for powdery mildew in 

grapevines using a six-degree-of-freedom robotic 

manipulator mounted on a mobile base [16]. Building on 

this work, the present study proposes a framework based 

on open-source software tools for spot spraying three plant 

diseases: chlorosis, powdery mildew, and septoria. First, 

plant diseases are detected using an AI model trained on a 

custom visual dataset. Subsequently, a depth camera is 

used to determine the positions and orientations of diseased 

areas. By guiding the robotic arm to the appropriate 

locations for spot spraying, the proposed approach 

significantly reduces pesticide usage compared to 

broadcast spraying methods, thereby minimizing chemical 

exposure and mitigating potential adverse effects on 

human health. 

Although this study focuses on disease detection and 

pesticide spraying, the proposed framework can be readily 

adapted for additional agricultural applications, such as 

ripeness monitoring, automated selective harvesting, and 

insect cluster detection and spraying. 

Methodology 

Preparation of Dataset 

In the training of artificial intelligence (AI) models, both 

supervised and unsupervised learning methods are 

commonly used. When supervised learning is employed, 

both the input data and the corresponding output labels 

must be provided to the AI model. In this manner, the 

model learns which inputs correspond to which outputs, 

and the training process is carried out. When such data are 

combined, datasets are created. These datasets may contain 

thousands, millions, or even billions of data samples. 

Various types of datasets can be used to develop AI 

applications, including sequential, visual, numerical, two-

dimensional (2D), and three-dimensional (3D) data [27]. 

Since the objective of this project is to detect diseases on 

plant leaves, a dataset composed of visual data is required. 

Visual datasets typically contain more data than other 

dataset types, making them more time-consuming to 

process and prepare. Visual datasets may have a 2D 

structure (e.g., grayscale images) or a 3D structure (e.g., 

RGB color images). In object detection tasks, models often 

rely on color information; therefore, RGB images are 

generally preferred [28]. 

Model training can be performed using either pre-existing 

datasets or newly created datasets. Many open-source 

datasets are available online, often for educational or 

research purposes. However, for specialized applications, 

suitable datasets may not always exist. In such cases, a 
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custom dataset tailored to the requirements of the project 

must be created. This can be achieved either by collecting 

images through web scraping or by capturing photographs 

directly. Since manual image acquisition through 

photography is a time-consuming process, it is generally 

considered a secondary option when suitable online data 

are available.  

In this project, three common leaf diseases—chlorosis, 

powdery mildew, and septoria—were selected as the focus. 

These diseases were chosen because they are frequently 

encountered on plant leaves, facilitating dataset 

preparation. Nevertheless, detection algorithms can also be 

developed for other types of leaf diseases, fruit diseases, or 

insect infestations on leaves and fruits. 

The dataset used in this study consists of 526 images 

obtained through a two-stage process. In the first stage, 

diseased plants were identified, and each affected leaf was 

photographed individually using a camera. In the second 

stage, publicly available plant images were collected using 

web scraping techniques. Of the total images, 420 were 

obtained through direct photography, while 106 were 

collected via web scraping. The dataset includes 198 

images of chlorosis, 152 images of powdery mildew, and 

176 images of septoria. Of the 526 images, 450 were used 

for training the AI model, and the remaining 76 were 

reserved for testing. Sample images from the dataset are 

shown in Figure 1. 

 

Figure 1. Sample images from the dataset. 

For object recognition and object detection tasks, it is 

common practice to resize images to ensure uniform 

dimensions. However, resizing is not strictly required for 

object detection when bounding box annotations are 

normalized. Since both object recognition and object 

detection tasks are performed in this project, the original 

image dimensions were preserved. To facilitate dataset 

labeling, a numerical naming convention was adopted for 

all images. 

Dataset labeling plays a crucial role in the training of AI 

models. During the labeling process, the expected output 

corresponding to a given input is specified, enabling the 

model to learn how to predict results for unseen data. 

Different labeling approaches are used for object 

recognition and object detection tasks. In object 

recognition, the goal is to teach the model what the object 

is, whereas in object detection, the objective is to identify 

both the object class and its location within the image. 

Consequently, the labeling process varies depending on the 

task. 

For object recognition, several ready-to-use software tools 

are available for dataset labeling. In contrast, object 

detection requires manual annotation, where each object 

within an image is enclosed in a bounding box and assigned 

a class label. This process can be carried out using either 

desktop applications or online tools [29]. In this study, 

labeling was performed online using the MakeSense.ai 

tool, following the YOLO data format: 

<class id>< X₀/X>< Y₀/Y><W/X><H/Y> 

where: 

• class_id indicates the class index of the object, 

• X₀ and Y₀ represent the x and y coordinates of the 

bounding box center, 

• W and H denote the width and height of the 

bounding box, 

• X and Y represent the width and height of the 

image, respectively. 

Figure 2 illustrates these label parameters on a sample 

image from the dataset. During the labeling process, 

numerical values for each parameter are determined, and a 

separate text file is automatically generated for each image. 

Since an image may contain multiple diseased regions, a 

single text file may include multiple bounding box 

annotations.  

 

Figure 2. Visualization of the labels on an image. 

Learning Algorithm and Model Training 

In artificial intelligence, various approaches are used to 

develop learning algorithms, such as Artificial Neural 

Networks (ANNs), Recurrent Neural Networks (RNNs), 

and Convolutional Neural Networks (CNNs). Among these 

approaches, CNNs are the most suitable for working with 

spatial data such as images. Since this project requires 

training a model using images and involves both object 

detection and object recognition tasks, CNNs represent the 

most appropriate approach. 

CNNs, which are primarily used for classification and 

object detection problems, are deep learning algorithms 

that take an input image and apply multiple filters, 

represented as matrices, to extract specific features. A 

CNN consists of multiple layers, including an input layer, 

convolutional layers, pooling layers, and fully connected 

layers [30]. An input image is processed sequentially 
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through these layers to extract features. Implementing and 

optimizing these processes from scratch can be 

challenging; therefore, ready-to-use libraries are 

commonly employed. The most widely used libraries in 

this field are TensorFlow (developed by Google) and 

PyTorch (developed by Facebook). 

Since this project involves both object recognition and 

object detection, using these libraries alone is insufficient, 

and more specialized algorithms are required. Customized 

detection architectures can be developed using TensorFlow 

or PyTorch. Examples of such algorithms include the 

TensorFlow Object Detection API, YOLO, Fast R-CNN, 

Faster R-CNN, Fastest R-CNN, and SSD, each of which 

has its own advantages and limitations. In this study, the 

YOLOv3 (You Only Look Once) algorithm was selected 

for training the AI model. YOLO performs one-stage 

object detection and localizes objects using bounding 

boxes. By incorporating depth information obtained from 

the Kinect sensor, three-dimensional localization of the 

diseased areas on plants is achieved. 

Although the YOLO algorithm provides pre-trained 

models, these were not used in this project because their 

datasets primarily include objects such as cars, people, and 

everyday items, which are outside the scope of agricultural 

disease detection. Consequently, a custom dataset was 

created, as described in the Preparation of Dataset 

subsection, and was used for both training and testing. 

Since model training requires substantial GPU 

computational power, the training process was conducted 

on the Google Colab platform. 

Training the AI model took approximately 10 hours and 

was performed over 3000 iterations. After every 1000 

iterations, the model weights were automatically saved. It 

was observed that after 2000 iterations, the learning rate 

degraded significantly, and signs of overfitting appeared. 

Therefore, the weights obtained after 2000 iterations were 

selected for use in this study. 

Upon completion of the training process, the required 

weight files were generated, rendering the model ready for 

integration into the proposed system. 

The performance of the trained AI model was evaluated 

using several metrics. The mean Average Precision at an 

Intersection over Union threshold of 0.5 (mAP50) was 

used as the primary performance metric. At the end of 

training, the model achieved an mAP50 score of 0.7545, 

indicating strong performance in detecting plant diseases. 

A separate test dataset consisting of 76 (50 diseased, 26 

healthy plant) images was used for performance 

evaluation. Object detection experiments conducted on this 

dataset demonstrated that the model achieved an overall 

success rate of 83% in real-world scenarios. The details of 

the disease detection experiment performed directly on 

plant images are given in Table 1. 

The confusion matrix indicates that the trained AI model 

correctly identified 42 out of 50 diseased samples, resulting 

in a true positive rate of 84%. This suggests that the model 

is generally effective at detecting diseased leaves under the 

tested conditions. However, 8 diseased samples were 

misclassified as healthy (false negatives), which is a non-

negligible limitation, as missed detections directly affect 

the downstream spraying task. 

For healthy samples, the model correctly classified 21 out 

of 26 instances, corresponding to a true negative rate of 

approximately 81%. The presence of 5 false positives 

indicates that some healthy leaves were incorrectly 

classified as diseased, which could lead to unnecessary 

spraying. While this behavior may be acceptable in a 

safety-oriented agricultural context where missing a 

disease is more critical than over-spraying, it still impacts 

the overall efficiency of pesticide usage. 

Overall, the confusion matrix reflects a reasonable balance 

between sensitivity and specificity, but it also highlights 

that both false negatives and false positives remain sources 

of error. 

Table 1: Confusion Matrix for the AI model's performance 

 
Predicted 
Positive 

Predicted 
Negative 

Total 

Actual 

Positive 
42 (TP) 8 (FN) 50 

Actual 

Negative 
5 (FP) 21 (TN) 26 

Total 47 29 76 

The detailed performance metrics are summarized in Table 

2. Based on the confusion matrix, the trained AI model 

achieved a precision of 89.4%, indicating a low false-

positive rate in disease detection. The recall was 84.0%, 

showing that the majority of diseased samples were 

correctly identified. The resulting F1-score of 86.6% 

reflects a balanced performance between precision and 

recall, demonstrating the effectiveness of the model for 

plant disease detection within the tested dataset. 

Table 2: AI Model Performance Metrics 

Metric Value 

mAP50 0.7545 

Intersection over union (IoU) > 0.5 

Precision 

(TP / (TP + FP)) 
~0.894 

Recall 

(TP / (TP + FN)) 
0.84 

F1-score (2·Precision·Recall) / (Precision + Recall) ~0.866 

In conclusion, the AI model developed using the YOLO 

algorithm demonstrates the capability to detect plant 

diseases with high accuracy. This achievement represents 

an important step toward automating disease detection in 

agriculture and enabling early intervention. With the 

dataset preparation and model training processes 

completed and the final weight files obtained, the next 

stage involves integrating the trained model into the robotic 

control framework. 
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Preparation of the Simulation Environment and the 

Mobile Manipulator 

Agricultural spraying using an autonomous mobile 

manipulator is a complex process consisting of multiple 

stages. These stages include planning and controlling a 

trajectory that enables autonomous movement of the 

mobile platform within its working environment, scanning 

plants during autonomous navigation to detect diseased 

areas, and controlling the robotic arm to accurately spray 

the detected diseased regions. ROS was used to integrate 

these simultaneous and independent processes effectively. 

ROS is a collection of software libraries and tools designed 

to simplify the integration of hardware and software 

components in robotic systems. In this project, ROS 

packages were used for localization of the mobile base, 

design and mapping of the working environment, control 

of the manipulator, and visualization of the overall disease 

detection and agricultural spraying process. 

To evaluate the performance of the developed AI model 

and the designed mobile manipulation system in a virtual 

environment, a workspace containing plant models was 

created, allowing the mobile manipulator to move freely. 

Several ROS packages are available for visualizing 

simulated robotic environments, among which Gazebo is 

one of the most widely used. In this study, the Gazebo 

simulation platform was employed to create the simulation 

environment. 

For disease detection, plant models containing diseased 

leaves were required in the simulation environment. To 

achieve this, open-source plant models were downloaded 

from online 3D model repositories, and disease symptoms 

were integrated into the leaf surfaces using textures derived 

from real images in the dataset and applied using Blender. 

The finalized plant models were then imported into ROS 

and Gazebo in .dae file format. 

Since the implementation of the framework was conducted 

entirely in a simulated environment, sensor tests under real 

environmental conditions such as dust, humidity, and 

lighting were not performed in a physical setting. Instead, 

these factors were partially emulated in the simulation 

environment by incorporating simple noise models. 

In the ROS environment, the physical structure of robots is 

commonly defined using the Universal Robot Description 

Format (URDF). Using the URDF package, not only the 

robot model itself but also the attached sensors, actuators, 

and environmental interactions can be described. Figure 3 

illustrates the structure of the mobile base and the robotic 

arm along with the integrated sensors and peripherals. 

 

Figure 3. Visual representation of the structure of the 

mobile base and the robotic arm.  

To detect and localize diseased areas on plants, the mobile 

manipulator must autonomously traverse the environment. 

This task requires simultaneous environment mapping and 

path planning. For mapping and obstacle detection, a 

LiDAR sensor was mounted on the mobile base, and the 

gmapping package was utilized within ROS. Path planning 

was performed using the ROS Navigation Stack. 

For trajectory planning and kinematic calculations 

enabling the mobile manipulator to autonomously navigate 

the workspace and spray the diseased areas detected by the 

AI model, the MoveIt! package—one of the standard 

motion-planning libraries in ROS—was employed. 

Finally, the prepared mobile manipulator model was 

placed into the designed simulation workspace. Figure 4 

presents the mobile manipulator model configured for the 

planned operational scenario. 

 

Figure 4. Visualization of the mobile manipulator in the 

Gazebo environment. 

Disease Detection and Localization 

The disease detection and localization process begins with 

the autonomous navigation of the mobile base within the 

field. To create a field model, ready-to-use shapes available 

in Gazebo were used, and multiple plant models with both 

healthy and diseased parts were added. Figure 5 shows the 

prepared field model. 
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Figure 5. Field model in the Gazebo environment. 

To enable the robot to perceive its surroundings, the mobile 

manipulator must first map the field. In this project, field 

mapping is performed using the gmapping package in 

ROS. The gmapping package utilizes point cloud data 

obtained from the LiDAR sensor mounted on the mobile 

base. Figure 6 illustrates the mapping process of the mobile 

base in the Gazebo environment. 

Once the mapping process is complete, the mobile 

manipulator traverses the field to detect diseased areas on 

the plants and perform agricultural spraying. During this 

operation, it is essential to generate a safe path for the 

mobile base to avoid collisions with objects in the field. In 

this project, the ROS navigation stack package is used for 

path planning and motion control of the mobile base.  

 

Figure 6. Visualization of the mapping process. 

Given a target point, the navigation stack uses the 

previously generated map of the field to compute a safe 

trajectory for the mobile base by employing both global 

and local path planning methods. During navigation, the 

Monte Carlo Localization (MCL) algorithm is used to 

estimate and continuously update the robot’s pose within 

the environment. Figure 7 presents a visualization of the 

path planning procedure. 

While moving along the planned trajectory, the mobile 

base stops in front of each plant and scans it for diseases 

using a 3D camera. In this project, a Microsoft Kinect 

sensor is used, which provides high-resolution RGB 

images as well as depth information in the form of point 

cloud data. This depth information is critical for accurately 

determining the spatial location of the diseased areas 

relative to the mobile base. The visual data are transferred 

to OpenCV and processed using the YOLOv3 algorithm.  

 

Figure 7. Visualization of the path planning process in the 

RViz environment. 

Using the trained model, the YOLO algorithm detects 

diseased regions in the visual data and outputs their 

locations within the image. By combining the image-based 

detection results with the depth information provided by 

the 3D camera, the three-dimensional coordinates of the 

diseased areas are calculated. 

Agricultural Spraying Using Robot Manipulator 

The final step of the overall process is to apply pesticide 

using a nozzle as the end effector. Using the location 

coordinates of the diseased area, a target position and 

orientation for the end effector must be calculated. For 

effective spraying, the pesticide must be applied directly to 

the diseased area at a 90° angle. Therefore, not only the 

coordinates of the target point but also the orientation of 

the surface must be defined. 

To define a surface in 3D space, at least three non-collinear 

points are required. These three points are generated by 

defining a small circle centered at the diseased area 

coordinates obtained from the YOLO algorithm. If the 

image coordinates of the diseased area are defined as 

𝑝𝑑𝑖𝑚
= (𝑥𝑑𝑖𝑚

, 𝑦𝑑𝑖𝑚
), 

three points on this circle, separated by 120° from each 

other, can be defined as 

𝑝1𝑖𝑚
= (𝑥𝑑 + 𝑟 𝑐𝑜𝑠 (0), 𝑦𝑑 + 𝑟 𝑠𝑖𝑛(0)) (1) 

𝑝2𝑖𝑚
= (𝑥𝑑 + 𝑟 𝑐𝑜𝑠 (

2𝜋

3
) , 𝑦𝑑 + 𝑟 𝑠𝑖𝑛 (

2𝜋

3
)) (2) 

𝑝3𝑖𝑚
= (𝑥𝑑 + 𝑟 𝑐𝑜𝑠 (

4𝜋

3
) , 𝑦𝑑 + 𝑟 𝑠𝑖𝑛 (

4𝜋

3
)) (3) 

where 𝑟is the radius of the circle in pixels. 

By projecting these points onto the point cloud data and 

selecting the closest points in the cloud, three 

corresponding 3D points are obtained. Denoting these 
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points in the camera frame as 𝑐𝑝1, 𝑐𝑝2 and 𝑐𝑝3, the 

positions of these points in the global coordinate system 

can be calculated as 

𝑝1 = 𝑇𝑐
0  𝑐𝑝1 (4) 

𝑝2 = 𝑇𝑐
0  𝑐𝑝2 (5) 

𝑝3 = 𝑇𝑐
0  𝑐𝑝3 (6) 

where 𝑇𝑐
0  is the transformation matrix of the camera 

coordinate system relative to the global coordinate system.  

A surface can be represented by its normal vector, which 

can be computed using two vectors lying on the surface. 

These vectors are defined as 

𝑣⃗1 = 𝑝2  −  𝑝1 (7) 

𝑣⃗2 = 𝑝3  −  𝑝1 (8) 

The cross product of these vectors yields the surface 

normal 

𝑛⃗⃗ = 𝑣⃗1 × 𝑣⃗2 (9) 

The normal vector always points toward the camera based 

on the chosen vector order. Since its magnitude depends on 

the lengths of 𝑣⃗1and 𝑣⃗2, the vector must be normalized 

before use: 

𝑛⃗⃗𝑛 =
𝑛⃗⃗

∥ 𝑛⃗⃗ ∥
 (10) 

For effective spraying, the nozzle must be oriented toward 

the surface and positioned at a predefined distance from it. 

The target point for the nozzle is obtained by placing the 

normalized surface normal at the disease location, which is 

determined by projecting 𝑝𝑑𝑖𝑚
onto the point cloud and 

selecting the closest point. Scaling this vector by a 

predefined distance yields the target position: 

𝑝𝑡 =  𝑇𝑐
0  𝑐𝑝𝑑 + 𝑠 𝑛⃗⃗𝑛 (11) 

where 𝑝𝑡is the target position of the spraying nozzle,  𝑐𝑝𝑑 is 

the disease location relative to the camera, and 𝑠is a scaling 

factor that determines the desired nozzle distance from the 

surface. 

Assuming that the z-axis of the coordinate system attached 

to the nozzle points in the spraying direction, the desired z-

axis orientation can be defined by inverting the surface 

normal: 

𝑧𝑡 = −𝑛⃗⃗𝑛 (12) 

where 𝑧𝑡represents the z-axis of the nozzle orientation. 

Rotation around the nozzle’s z-axis does not affect 

spraying performance; therefore, any orientation satisfying 

this constraint is acceptable. However, to prevent the end 

effector and camera from rotating upside down, the y-axis 

of the target coordinate system is constrained to lie on a 

vertical plane together with the z-axis. To achieve this, an 

“up” direction vector is first defined. Assuming the z-axis 

of the world coordinate system points upward, the up 

vector in the camera frame is obtained as 

𝑧𝑢𝑝 = 𝑅𝑇
𝑐
0  [0 0 1]𝑇 (13) 

where 𝑅𝑐
0  is the rotation matrix of the camera relative to the 

world coordinate system. 

The cross product of 𝑧𝑢𝑝and 𝑧𝑡produces a horizontal 

vector: 

𝑥⃗ℎ = 𝑧𝑢𝑝 × 𝑧𝑡  (14) 

Since the angle between these vectors is unknown, 𝑥⃗ℎ is 

normalized to obtain the x-axis of the target coordinate 

system: 

𝑥⃗𝑡 =
𝑥⃗ℎ

∥ 𝑥⃗ℎ ∥
 (15) 

Finally, the y-axis of the target coordinate system is 

obtained by 

𝑦⃗𝑡 = 𝑧𝑡 × 𝑥⃗𝑡  (16) 

The vectors 𝑥⃗𝑡, 𝑦⃗𝑡, and 𝑧𝑡together define the rotation 

matrix of the target coordinate system. The homogeneous 

transformation matrix of the target frame relative to the 

world frame is therefore expressed as 

𝑇𝑡
0 = [

    
 𝑥⃗𝑡 𝑦⃗𝑡 𝑧𝑡 𝑝𝑡

    
0 0 0 1

] (17) 

This transformation matrix is then provided to the MoveIt 

framework to perform inverse kinematics and compute the 

required joint angles for positioning the nozzle at the target 

location and orientation to perform agricultural spraying. 

Figure 8 illustrates the overall process, from plant image 

acquisition to physical spraying. 

 

Figure 8. Overall system architecture. 

Results 

The performance of the developed framework was 

evaluated at two levels. First, the performance of the 

trained AI model was assessed, as it directly affects the 
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performance of the overall system. Subsequently, the 

performance of the complete system was evaluated after 

confirming the successful operation of the trained AI 

model. 

After training the AI model using 450 images from the 526-

image dataset, the remaining 76 (50 diseased, 26 healthy 

plant) images were used to test the model’s disease 

detection performance on leaf images. In 63 out of 76 test 

cases, the AI model produced correct outputs, 

corresponding to an approximate success rate of 83%. This 

value represents the upper performance limit of the overall 

system. 

Before evaluating the full system performance involving 

both the mobile base and the robotic arm, an intermediate 

test was conducted. In this step, the ability of the robotic 

arm to scan a plant, identify the diseased area, and reach 

the target end-effector position without the mobile base 

was evaluated. Based on these tests, improvements were 

made to the algorithms responsible for generating the target 

end-effector position. A link to a sample video 

demonstrating this application is provided in the Appendix. 

To evaluate the performance of the complete framework, 

five leaf models with diseased areas were created in the 

simulation environment and placed within plant models. 

The simulation was conducted 20 times for each of three 

different field setups. In each setup, the plant models were 

positioned at different locations and orientations within the 

field. The configuration of each setup remained unchanged 

throughout the 20 test iterations. 

In the simulation environment, the robot manipulator was 

required to scan plants and identify diseased regions, which 

is a more challenging task than detecting diseases in static, 

pre-captured images. The disease detection success rate in 

the simulation environment was 75%, which aligns with 

expectations. Among the cases in which disease detection 

was successful, the disease localization success rate was 

80%, and the successful execution rate of agricultural 

spraying was 75%. Consequently, the cumulative success 

rate of the overall process was calculated as 56.25%. Links 

to a sample video demonstrating the overall framework 

performance and to the Git repository of this study are 

provided in the Appendix. The success rates of individual 

process steps across the three simulation setups are given 

in Table 3. 

Table 3: Success Rates of Process Steps in Simulation 

Steps 
Setup 

1 
Setup 

2 
Setup 

3 

Disease Detection (%) 78 74 73 

Disease Localization (%) 82 79 79 

Spraying (%) 76 74 75 

Cumulative (%) 58 55 56 

Table 4 presents a comparative overview of selected 

studies on robotic systems for plant disease detection and 

spraying. As shown, many existing studies primarily focus 

on disease detection or plant recognition, whereas 

spraying—when included—is often performed on the 

entire plant rather than at the level of the diseased area. 

Spot spraying is addressed in only a limited number of 

studies. A direct comparison of reported success rates is 

not straightforward, as these values are based on different 

evaluation metrics and experimental conditions. While 

some studies consider only disease detection [22]–[24], 

others incorporate spraying either on the diseased area [16] 

or on the entire plant [13], [14]. The study most closely 

related to our work [16], which also includes spot spraying, 

focuses on powdery mildew and evaluates performance 

based on the percentage of sprayed area relative to the total 

diseased area. In contrast, our study considers multiple 

disease types and reports the success rate of the trained 

model in detecting diseased regions. Since spot spraying 

involves several sequential steps, errors may accumulate 

across the pipeline, leading to a reduced overall system 

performance, as reflected in the results summarized in 

Table 3. 

Table 4: Comparison of Studies with Mobile Base in 

Literature 

Studies 
Disease 

Detection 
Spraying 

Target 

Disease/Plant 

Success 

Rate 

[13] 
Plant 

Recognition 

Whole 

Plant 
Tabacco ~92% 

[14] Yes 
Whole 

Plant 
Multiple Diseases 95% -97% 

[15] Yes Yes 
Spodoptera 

Littorals 
N/A 

[16] Yes Spot Powdery Mildew 
85%-
100% 

[22] Yes No 
Color Change on 

Leaves 
N/A 

[23] Yes No Rust, Scab >95% 

[24] Yes No 

Distinction of 

Bacterial, Viral or 

Late Blight 

~92% - 
~98% 

This 

Work 
Yes Spot 

Chlorosis, 

Powdery Mildew, 

Septoria 

83.0% 

Conclusion 

Autonomous agricultural spraying is a multi-stage process 

in which the success of each step depends directly on the 

performance of the preceding one; therefore, a relatively 

low cumulative success rate is expected. Despite this 

inherent complexity, this study demonstrates the feasibility 

of an integrated framework that combines AI-based plant 

disease detection, 3D localization, and autonomous spot 

spraying using a mobile robot manipulator, representing a 

novel and comprehensive approach within the existing 

literature. 

Due to the lack of a ready-to-use dataset containing images 

of whole plants with realistic disease symptoms, a custom 

dataset was created through web scraping and manual 

image acquisition. While the limited dataset size affected 

the overall performance of the framework, the results 

validate the effectiveness of the proposed methodology. 

Data augmentation was deliberately not applied, as the 

available data was insufficient to generate realistic 

symptom variations without introducing bias. 
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One of the key technical contributions of this study is the 

geometric method proposed for calculating the surface 

normal of diseased areas using RGB-D data, which enables 

precise end-effector positioning for spot spraying at an 

optimal orientation. Unlike many existing approaches that 

rely on whole-plant spraying, the proposed system 

performs localized, surface-aware spraying, significantly 

reducing unnecessary pesticide usage. This spot-spraying 

strategy represents a meaningful advancement toward 

environmentally sustainable precision agriculture. 

Initially, a 5-axis robotic arm was considered, since 

rotation around the nozzle’s z-axis does not affect spraying 

performance. However, inverse kinematics solutions were 

not consistently achievable. The adoption of a 6-axis 

robotic arm successfully resolved this limitation, 

highlighting the importance of kinematic redundancy for 

autonomous agricultural manipulation tasks. Although 

collision avoidance was not implemented in the current 

framework, future work will integrate collision avoidance 

strategies to prevent damage to surrounding plant 

structures. Such functionality may require redundant 

manipulators and advanced motion planning techniques. 

The joint configuration of the robotic arm is computed 

based on the mobile base position at the moment of plant 

scanning and disease detection. In some scenarios, inverse 

kinematics fails to produce a feasible or collision-free 

solution. As a future extension, task prioritization and 

coordinated base–manipulator motion will be investigated 

to dynamically reposition the mobile platform and improve 

reachability. 

For simplicity, a two-wheeled mobile base was used in this 

study. However, real-world deployment would require a 

four-wheeled or tracked platform for improved stability on 

uneven terrain. Furthermore, real agricultural 

environments introduce challenges such as variable 

lighting, dust, and terrain irregularities. Addressing these 

challenges will require sensor fusion techniques and robust 

localization methods. 

Overall, this study contributes a unique, end-to-end robotic 

framework that integrates disease detection, 3D 

localization, and autonomous spot spraying within a 

unified ROS-based architecture. The proposed system 

advances the state of the art by moving beyond detection-

only approaches and demonstrating the practical 

application of mobile manipulators for precision 

agricultural spraying. The results highlight the potential of 

autonomous robotic systems to reduce labor costs, 

minimize chemical usage, and improve sustainability in 

modern agriculture. 
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Appendix 

Link to the video of agricultural spraying with just the 

robotic arm: 

https://www.youtube.com/watch?v=Z2POisrO0QU 

Link to a sample video of the simulation of the mobile 

manipulator navigating in the field, scanning the plants and 

performing agricultural spraying: 

https://www.youtube.com/watch?v=wDgrFnwk_xY 

Git repository of the project: 

https://github.com/pyimagedata/mobile_manipulator 
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