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ABSTRACT. Late blight is one of the most destructive plant diseases and a particular problem for 19 

Algerian potato farmers. Currently, most Algerian farmers still use traditional methods, such as 20 

weekly fungicide spraying, to prevent the disease from appearing and spreading. Others prefer to 21 

take the risk and avoid spraying due to the high cost and harm of these fungicides. The developed 22 

system addresses this issue with an intelligent Decision Support System (DSS) based on real-time 23 

blight detection by a YOLOv8 (You Only Look Once) model trained on a customized dataset and 24 

on online weather data. It provides the best-timed decisions and schedules for spraying. The system 25 

is built on the Robot Operating System 2 (ROS 2) framework for easy integration into a real robotic 26 

platform. The critical information is presented in a web interface, which allows the farmer to 27 

monitor and control the system’s actions (like accepting or refusing spray missions or turning the 28 

camera on or off). The experiments demonstrate that the YOLOv8n model scored an overall mean 29 

average precision (mAP@0.5) of 0.920, with an overall precision of 0.885 and recall of 0.832. 30 

Furthermore, the DSS successfully integrates disease detection alerts and weather-based risk 31 

prediction to suggest accurately when to trigger spray missions. This combination of weather 32 

forecasting (as a proactive defense layer) and real-time artificial intelligence detection (as a 33 

reactive defense layer) aims to guarantee crop safety and minimize fungicide utilization, which 34 

could lead to lower costs and improved crop quality. 35 
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INTRODUCTION 37 

Agriculture has served as the primary source of food for humans for a very long time. Indeed, 38 

it has become an important part of the global food security and a big sector in national economies. 39 

This role has become increasingly significant in the context of the rise in global population. In 40 

Algeria, agriculture contributed 12.9% to the national Gross Domestic Product (GDP) in 2023 41 

(Banque d’Algérie 2024). Algerian farmers currently face many challenges to keep their crops 42 

healthy and maintain stability especially against plant diseases. Without continuous inspection and 43 

fast intervention, the results can lead to severe yield losses. Despite its economic importance, the 44 

agricultural sector in Algeria still relies heavily on the traditional practices such as spraying 45 

fungicides unconditionally every week. This leads to a higher cost and wasted effort, causing harm 46 

to the crop and its environment, as well as health risks for the farmers in contact with those 47 

chemicals. To address these challenges, farmers can benefit from an intelligent system capable of 48 

optimizing disease management and mitigating these risks. 49 

Recent systems have adopted the artificial intelligence (AI)-based solutions, which have 50 

contributed to the modernization of methods of interaction with plant diseases and the field 51 

management (Kaplun et al. 2024). Concerning continuous inspection, there is a huge shift toward 52 

real-time object detection, where the most effective models used in this field are based on the deep 53 

learning and open-source datasets (Kaplun et al. 2024). The automation of inspection is still not a 54 

complete solution, because knowing that there is a problem is only the first step, this is where 55 

Decision Support Systems come in. The latest approaches are taking into consideration some 56 

factors such as meteorological information, soil conditions, marketing demands, land uses, and 57 

economic data (Zhai et al. 2020). In terms of taking action, some agricultural robots integrate a 58 

Decision Support System (DSS) to automate a range of tasks, including precision irrigation, 59 

targeted spraying of fungicides and variable-rate fertilization (Zhai et al. 2020), other works 60 

incorporate advanced vision systems for applications such as autonomous navigation and row-61 

following, obstacle avoidance, plant counting (Zhai et al. 2020), and the visual detection of specific 62 

disease symptoms (Alhwaiti et al. 2025), weed infestations (Zhai et al. 2020). This diversity, from 63 

independent systems to complete systems, has led the agricultural sector to experience significant 64 

technological development. 65 
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In Algeria, one of the main crops used to achieve food security methods is the potato plant. 66 

However, a number of diseases, including late blight, harm the potato crop. Phytophthora infestans 67 

is the culprit behind late blight, a devastating disease in potato crop. Failure of the potato crop may 68 

result from this in extreme situations (Arora et al. 2014; Forbes and Landeo 2006). 69 

Traditional weekly fungicide spraying is costly, environmentally harmful, and often inefficient in 70 

controlling late blight. To address this issue, this paper presents the development of an intelligent 71 

Decision Support System (DSS) designed to help farmers manage late blight in potato crops more 72 

effectively. The proposed system integrates: a real-time disease detector, a YOLOv8n (You Only 73 

Look Once, version 8, nano) network optimized on a custom hybrid dataset combining 74 

PlantVillage, Plant-Doc, and field images collected with the National Institute for Plant Protection 75 

(INPV) under real Algerian conditions, using hard negative mining to eliminate soil 76 

misclassification for real-time detection of Phytophthora infestans; a weather-based prediction 77 

module, and a decision support system based on the Robot Operating System 2 (ROS 2) with a 78 

farmer-friendly web interface. Together, these components provide both proactive and reactive 79 

crop protection while aiming to reduce unnecessary fungicide use. 80 

RELATED WORKS 81 

As the global demand for food increases, developing the agricultural sector has become 82 

extremely important. In this regard, many disease detection systems have been developed. Mathew 83 

and Mahesh (2022) have presented a study focused on detecting bacterial spot disease in bell 84 

pepper plants. They used the small version of YOLOv5 (YOLOv5s) and trained it on the 85 

PlantVillage dataset, which contains images of leaves with uniform backgrounds and good 86 

lighting, taken in a laboratory environment. They manually labeled 4,000 images, and the results 87 

achieved a mean average precision (mAP@0.5) value of 90.7%. In graphical representations, 88 

precision and recall reached nearly 99%. However, the model was only tested with images from 89 

the same dataset and was not deployed in a real-time application or tested with data from a real-90 

world environment. Furthermore, it was used to detect very late symptoms of the disease. 91 

Similarly, Alhwaiti et al. (2025) worked with the PlantVillage dataset, using 4,222 images. They 92 

employed the YOLOv3 and YOLOv4 models for detecting diseases in peach leaves affected by 93 

bacterial spots and strawberry leaves with scorch disease. The results showed that the YOLOv4 94 

model had high performance, with a recall of 99% and accuracy and precision of 98%. The 95 
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YOLOv3 model achieved 97% for accuracy, precision, and recall. They used it in real-time and 96 

proposed developing a user-friendly Android/iOS mobile application and planning for hardware 97 

integration. However, the system was still not tested in a real environment with real-life situations. 98 

In a different approach, Tao et al. (2025) developed an enhanced deep learning model based on 99 

YOLO11n, which is named CEFW-YOLO. It detects four common types of apple leaf diseases: 100 

Powdery mildew, Black rot, Apple scab, and Rust. The model was trained on a specialized apple 101 

leaf disease detection (ALD) dataset collected from real-world scenarios in an apple orchard in 102 

Laizhou, Yantai, Shandong Province, China. This dataset included 2,452 images captured under 103 

various natural conditions. The new model achieved a precision of 85.5%, a recall of 81.2%, and 104 

an mAP@0.5 value of 87.3%. The CEFW-YOLO model was developed to run in real-time and 105 

was tested with real images from a real environment but it has not yet been used in real scenarios 106 

or integrated into a practical application. 107 

Moreover, it is always beneficial to be aware of the causes of a disease, and even more 108 

advantageous to be able to predict it. In this area, Radwan et al. (2025) made a comparison between 109 

a range of machine learning (ML) methodologies for plant disease prediction to study the 110 

correlation between diseases and weather in potato crops, covering two diseases: early blight and 111 

late blight. The system utilizes a comprehensive dataset of over 4,000 records of weather 112 

conditions available on the Kaggle platform. The experimental test achieved an accuracy of 0.9489 113 

(approximately 94.9%). However, the system still needs more testing in a real-life environment 114 

and requires a very stable source of data. Furthermore, to predict cucumber downy mildew disease, 115 

the system developed by Wang et al. (2024) utilizes a CNN-LSTM (Convolutional Neural 116 

Network-Long Short-Term Memory) algorithm to establish the prediction model. The system 117 

gathers data from a weather station inside the greenhouse and another weather station in front of 118 

the greenhouse. This resulted in an average error of 6.6478% between the predicted and true values 119 

for all test sets, providing a really useful system, but one that still requires a lot of equipment to 120 

gather weather data. 121 

To effectively use new technologies in the agricultural field, it is essential to establish a strong 122 

connection with the farmer, rather than a standalone system, a collaborative approach is required 123 

that aligns with the farmer's needs to facilitate the enhancement of their crops. In this context, 124 

Helps et al. (2024) evaluated four decision support systems (DSS) designed to help farmers 125 

optimize fungicide applications across different crops. For wheat crops, the te Beest DSS is used 126 
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to combat Zymoseptoria tritici (septoria tritici blotch) by processing weather data to determine if 127 

a reduced fungicide dose is safe, while the Crop Protection Online (CPO) uses rainfall thresholds 128 

to calculate precise spray timing and risk levels. For other crops, the Hutton Criteria DSS monitors 129 

temperature and humidity to signal the start of a weekly spraying program against potato late 130 

blight. Finally, the Agriculture and Horticulture Development Board (AHDB) Sclerotinia Stem 131 

Rot DSS provides real-time risk alerts for oilseed rape, allowing farmers to timing-dependently 132 

deploy protectant fungicides before infection occurs. All of these systems are prime examples of 133 

DSS, adept at processing large amounts of data and producing accurate recommendations. 134 

However, using multiple systems makes monitoring very difficult, especially when they are used 135 

without actuators, requiring the farmer to perform the actions manually. Many individual 136 

components that could help in the agricultural field are not used because they require a hardware 137 

environment and a platform to work properly. In one of the few examples of an integrated system, 138 

Kaplun et al. (2024) present a solution integrating a vision system, a weather prediction system, 139 

and a DSS for agricultural applications. The vision system utilizes two custom Convolutional 140 

Neural Networks (CNNs) and pre-trained models to recognize fruit health conditions, while the 141 

weather prediction component employs machine learning algorithms to forecast rainfall from 142 

weather data. The DSS combines information from both components to support actions such as 143 

irrigation control. The system also provides sensor monitoring, rainfall forecasts, and fruit 144 

condition prediction through dedicated interfaces. 145 

This review demonstrates that while significant research has been focused on individual 146 

components of smart agricultural systems, a comprehensive, fully integrated solution remains 147 

elusive. A concise comparative summary of the aforementioned works is presented in Table 1. 148 

These works have presented powerful visual detectors or proactive weather models, but they 149 

generally operate in isolation. Even systems that combine multiple components, such as DSSs or 150 

integrated platforms, still exhibit critical gaps, including the lack of real-time visual feedback, 151 

absence of standardized robotic frameworks like ROS, and fragmented user interfaces. Therefore, 152 

Table 1 summarizes these limitations and provides a comparative overview of the reviewed studies. 153 
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Table 1 Comparative Analysis of Related Works 154 

Study/Autho
r 

Visual 
Detection 
Model 

Weather 
Prediction 

DSS Robotic 
Integration 

ROS 
Framework 

User 
Interface 

Mathew and 
Mahesh (2022) 

YOLOv5s No No No No No 

Alhwaiti et 
al. (2025) 

YOLOv3/Y
OLOv4 

No No No No No 

Tao et al. 
(2025) 

Custom 
YOLO 

No No No No No 

Radwan et 
al. (2025) 

No Yes (ML 
Models) 

No No No No 

Wang et al. 
(2024) 

No Yes (CNN-
LSTM) 

No No No No 

Helps et al. 
(2024) 

No Yes (Rule-
based) 

Yes No No No 

Kaplun et 
al. (2024) 

Yes 
(Custom 
CNNs) 

Yes (ML 
Models) 

Yes Yes 
(Irrigation) 

No Yes 
(Multiple) 

The 
proposed 
system 

YOLOv8n Yes (API-
based 
Algorithm) 

Yes Planned 
(Future 
Work) 

Yes (ROS 
2) 

Yes 
(Unified) 

THE PROPOSED INTELLIGENT DECISION SUPPORT SYSTEM 155 

This section presents the methodology of the proposed intelligent Decision Support System 156 

(DSS) for late blight management. The disease detection, weather prediction, decision logic, and 157 

web interface components were fully implemented and tested on the ROS 2 framework, while the 158 

physical robotic platform and the automated spraying mechanism were not built and remain future 159 

work. 160 

SYSTEM ARCHITECTURE 161 

The proposed system is built around a central Decision Support System (DSS). The architectural 162 

workflow of the integrated solution is shown in Fig. 1. Real-time image data from an RGB (red, 163 

green, blue) camera and environmental data obtained from meteorological application 164 

programming interfaces (APIs) are the two concurrent inputs that the system gets, which are 165 

developed in the ROS 2 framework, the image data is processed by the AI Detection Module, using 166 
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disease recognition and pattern analysis to detect visual symptoms of Phytophthora infestans on 167 

potato leaves. Its main function is to detect the late blight infections in real time. When a disease 168 

infection is positively identified, the module sends both a confirmation command and the 169 

corresponding image with detection data to the decision-making logic for further processing. At 170 

the same time to minimize crop losses, the weather-based prediction system monitors 171 

environmental conditions to forecast and mitigate threats before the disease emerges, and to 172 

identify the optimal spray time it performs risk assessment and timing analysis. The DSS, which 173 

acts as the main “brain”, combines these two streams of weather conditions and real-time disease 174 

detection, and decides when to schedule a spray mission. To keep farmers in control the decision-175 

making is connected to a user-friendly web interface that enables them to monitor the system live, 176 

receive web alerts, and make key decisions, including the selection of automatic or manual mode, 177 

approving spray schedules, or controlling the camera. 178 

179 
Fig. 1 Architectural workflow of the integrated decision support system, showing the data flow 180 

from initial inputs to the final robotic action and user interaction loop 181 

VISUAL SYMPTOM DETECTION MODULE 182 

Theoretical Background of YOLOv8 183 

YOLO (You Only Look Once) is a real-time object detection algorithm that performs detection in 184 

a single forward pass of the network. Unlike traditional methods that use multi-stage pipelines or 185 

sliding windows, YOLO directly predicts bounding boxes and class probabilities in one step. This 186 

approach simplifies the detection process and enables fast and efficient real-time object detection. 187 
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YOLOv8, released in 2023 by Ultralytics, is a widely used version of the YOLO family of object 188 

detection models. It offers different scaled versions, including nano, small, medium, large, and 189 

extra-large, to adapt to various computational requirements. YOLOv8 is a multi-task model that 190 

supports object detection as well as other vision tasks such as segmentation and classification. Its 191 

architecture is composed of a backbone for feature extraction, a neck for feature fusion, and a 192 

decoupled detection head. Compared to previous versions, YOLOv8 introduces improvements 193 

such as the C2f module and an anchor-free design, which enhance detection accuracy and 194 

efficiency while maintaining real-time performance (Terven et al. 2023). 195 

Model Selection 196 

YOLOv8 was chosen for this system because it is a mature and stable iteration of the YOLO family 197 

that builds upon the established successes of its predecessors, such as YOLOv5 and YOLOv7, and 198 

offers several key enhancements that make it particularly suitable for this project. Firstly, it 199 

provides enhanced accuracy resulting from improvements in its backbone and neck architectures, 200 

which lead to better feature extraction capabilities. Secondly, YOLOv8 is engineered for faster 201 

inference speeds and is specifically optimized for edge devices. Furthermore, its adaptability is 202 

improved through advanced data augmentation techniques, enabling it to perform more robustly 203 

in dynamic agricultural environments characterized by variable lighting conditions and potential 204 

occlusions. Finally, YOLOv8 demonstrates strong scalability and compatibility with hybrid 205 

systems, for instance, facilitating integration with Deep Reinforcement Learning (DRL) for tasks 206 

like advanced robotic navigation and control, thereby supporting comprehensive precision 207 

agriculture solutions. 208 

Between the two smaller variants of this architecture, YOLOv8n and YOLOv8s, a comparative 209 

evaluation on the project dataset showed that YOLOv8n was the more suitable choice for this task. 210 

Its lower capacity made it less prone to overfitting on a focused two class problem, and it produced 211 

qualitatively better detections of small blight spots without misclassifying soil, while YOLOv8s 212 

reached a comparable mean average precision but missed several of the smaller lesions. The 213 

training experiments also showed that a shorter training schedule was more effective for this 214 

dataset, and the number of epochs was accordingly set to 25, which gave the best balance between 215 

detection performance and training efficiency without the diminishing returns observed at longer 216 

training durations. 217 
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Dataset Preparation 218 

The performance of a computer vision system critically hinges on the quality, diversity and 219 

relevance of the dataset used for its training and validation. To select an optimal dataset for plant 220 

disease detection, several key criteria were prioritized, including diversity in plant species, disease 221 

types, and imaging conditions such as lighting and viewing angles, as well as dataset size to ensure 222 

sufficient data for robust learning and to reduce overfitting. Additionally, data quality was 223 

considered in terms of high-resolution images with accurate annotations, along with compatibility 224 

with real-world robotic vision applications involving complex backgrounds and field conditions. 225 

The dataset used for the training and validating the detection model was compiled from multiple 226 

sources to ensure variability and robustness (Fig. 2). The images used in this study to classify 227 

leaves of potatoes, were obtained from the publicly available ‘PlantVillage’ dataset (Hughes and 228 

Salathé 2015), which contributed 1,000 images of potato leaves with visible late blight symptoms 229 

and 200 images of healthy leaves (Fig. 2a), ‘Plant-Doc’ dataset (Singh et al. 2020) to account for 230 

various natural conditions environments, it provided 410 real-world field images (Fig. 2b). 231 

Additionally, the National Institute for Plant Protection (INPV), Algeria provided 80 images of 232 

infected potato plants from local field data, complemented by 10 self-captured photographs of 233 

potato plants captured at home. To complete the data collection, a hard negative dataset containing 234 

500 images of non-leaf and non-blight objects (e.g., soil, background clutter) to reduce false 235 

positives (Fig. 2c). 236 

All images were manually labeled on the Roboflow platform with two classes: "blight" (for the 237 

specific infected area) and "leaf" (for the entire leaf tissue). Although the source images were 238 

collected unevenly across the different datasets, the final labeled instance distribution between the 239 

two classes was kept close to balanced, with 8,307 "blight" and 8,064 "leaf" annotations, so that 240 

the model would learn to distinguish both features effectively. The resulting dataset contained 241 

2,200 images. 242 
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 (a) (b) (c) 243 

Fig. 2 Example images from the custom dataset sources: (a) PlantVillage (Hughes and Salathé 244 

2015; adapted, CC BY-SA 3.0), (b) Plant-Doc (Singh et al. 2020; photo: A. J. Gevens, University 245 

of Wisconsin–Madison, reproduced with permission), and (c) hard negative images 246 

Training Strategy and Data Augmentation 247 

The model was trained in the Google Colaboratory environment, leveraging NVIDIA Tesla T4 248 

graphics processing units (GPUs). The training was configured for 25 epochs with an input image 249 

size of 800×800 pixels to enhance the detection of small, early-stage lesions, while all other 250 

hyperparameters were kept at their default values. 251 

To improve the model's robustness and its ability to generalize to a range of field conditions, a 252 

comprehensive set of data augmentations were applied to the training set, including random flips, 253 

rotations, blurs, and exposure adjustments. This process effectively tripled the dataset size to 6,378 254 

images. 255 

Evaluation Metrics 256 

The model's performance was evaluated using standard object detection metrics. The final trained 257 

YOLOv8n model demonstrated excellent performance on the validation set, achieving an overall 258 

mAP@0.5 of 0.920 and an mAP@0.5:0.95 of 0.691. The mAP@0.5 counts a detection as correct 259 

when its Intersection over Union (IoU) with the labeled box is at least 0.5, whereas the 260 

mAP@0.5:0.95 averages the results over IoU thresholds from 0.5 to 0.95 and is therefore a stricter 261 

measure, which explains its lower value. 262 

The class-specific results were also strong, the "blight" class achieved a precision of 0.865 and 263 

a recall of 0.746. The "leaf" class achieved a precision of 0.905 and a recall of 0.918. These metrics 264 

confirm the model's reliability in accurately identifying blight symptoms while correctly 265 

distinguishing healthy leaves. 266 

IMPLEMENTATION ENVIRONMENT 267 

The detection model of the proposed system was trained using the Google Colaboratory 268 



11 

environment (Colab) to leverage its free temporary access to powerful NVIDIA Tesla T4 GPUs. 269 

For real-time detection and system testing, a Dell laptop equipped with an Intel Core i5 (8th 270 

generation) processor and 16 GB of RAM was used, together with a 1280 × 720 webcam operating 271 

at 30 frames per second. To evaluate the system under real agricultural conditions, field 272 

experiments were conducted at the Institut Technique des Cultures Maraîchères et Industrielles 273 

(ITCMI) in Algeria. As potatoes were out of season during the experimentation period, the system 274 

was challenged in the field with tomato, a crop of the same botanical family (Solanaceae) that is 275 

affected by late blight caused by the same pathogen, Phytophthora infestans (Nowicki et al. 2012). 276 

The software architecture was built upon a combination of modern frameworks and 277 

communication tools. The object detection is based on the YOLOv8 model, where both the nano 278 

and small variants were evaluated to balance accuracy and computational efficiency. To handle the 279 

communication between the different system nodes, the software was integrated into the Robot 280 

Operating System 2 (ROS 2). To integrate environmental data, external APIs were used including 281 

OpenWeatherMap API (OpenWeatherMap 2025) for temperature and general weather forecasts, 282 

Open-Meteo API for humidity, wind, and precipitation data. 283 

In addition, a web interface serves as the primary point of interaction between the farmer and the 284 

underlying technologies. Developed using HTML, CSS, and JavaScript, the web-based interface 285 

is designed to be lightweight, accessible, and user-friendly across various devices. A Flask web 286 

server was implemented to manage system initialization and control processes. To ensure real-time 287 

communication between the web interface and the ROS 2 environment, rosbridge was used, 288 

establishing a WebSocket connection that allows seamless data exchange and remote system 289 

monitoring. 290 

WEATHER-BASED PREDICTION SYSTEM 291 

To enable proactive disease management, the system integrates a weather-based prediction 292 

module designed to forecast and mitigate threats before they emerge. 293 

Data Source 294 

For the weather data, two different sources have been used to get the best picture: 295 

OpenWeatherMap and Open-Meteo. OpenWeatherMap has been mainly used for temperature 296 

monitoring. However, given the fact that late blight is known to thrive in conditions of high 297 

humidity, it became apparent that a more precise source of this data was required. In this regard, 298 

Open-Meteo is a valuable resource, as it utilizes some of the leading global weather models to 299 
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provide highly accurate humidity forecasts. Preliminary comparison tests showed that its humidity 300 

forecasts were about 3% more accurate than those from OpenWeatherMap (Evcin and Erten 2024). 301 

By cross-referencing both data sources, the system can verify these environmental variables to 302 

more accurately determine if weather conditions are favorable for the disease to spread. 303 

Prediction Algorithm 304 

The prediction process is driven by a rule-based algorithm designed to identify critical 305 

environmental thresholds. This logic is integrated into a ROS 2 module titled “weather_reporter”, 306 

which queries data at ten-minute intervals. Initially, a detailed 48-hour weather outlook for the 307 

exact coordinates of the field is retrieved. Subsequently, a scan of the following 24-hour period is 308 

performed to monitor two primary criteria: 309 

• Danger Zones for Blight: It flags any period where the temperature is between 10°C and 310 

25°C and the humidity shoots above 90%. These are the optimal conditions for late blight 311 

development (Gevens and Wilbur 2015). 312 

• The Perfect Spraying Window: It helps identify the best time for the deployment of the 313 

robot in the field. This is when the following criteria are met: there is no rain, the winds 314 

are calm (less than 10 m/s), and the temperature is between 0°C and 45°C. 315 

The system's primary function is to identify the subsequent "danger zone" and then align it with 316 

the earliest possible "spraying window" thereafter. Once this has been established, the information 317 

is packaged and sent to the main decision-making part of the system, so that it knows exactly when 318 

to act. 319 

DECISION LOGIC AND SCHEDULING 320 

The design of the DSS integrates perceptual data and generates responsive actions. In order to 321 

achieve the necessary levels of modularity and robust inter-process communication, the entire 322 

software suite is constructed upon the ROS 2 framework. 323 

The decision-making logic is composed of two main ROS 2 nodes (Fig. 3), “spray_scheduler” 324 

and “spray_decider”, which work in coordination to manage spraying operations. These nodes 325 

communicate asynchronously through a series of specialized ROS 2 topics, creating a decoupled 326 

and resilient system. 327 

The system behavior is governed by the selected operating mode: in automatic mode, the 328 

mission is executed autonomously, while in manual mode, a user confirmation is required via the 329 

web interface before execution. 330 
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The “spray_scheduler” subscribes to data from the vision (/blight_detection) and weather 331 

(/weather_status) nodes, while the “spray_decider” acts on commands from the scheduler and 332 

provides feedback via a (/spray_log) topic. 333 

Fig. 3 Topic communication diagram of the decision logic. Rectangles are the nodes (including 334 

the web user interface), circles are the ROS 2 topics, and arrows show the direction of the 335 

messages 336 

This process integrates both system communication and operational decision-making within a 337 

unified framework, the flow of information begins with the weather nodes where the 338 

“weather_reporter” node publishes comprehensive environmental data and Blight Favorability 339 

prediction and Spraying Suitability time to the “/weather_status” topic, and the “blight_detector” 340 

node sends out alerts on the “/blight_detection” topic upon identifying an infection, or manually 341 

through additional topics that facilitate user interaction such as the “/spraying_mode” topic which 342 

allows switching between manual and automatic operation, the “/spray_cancel” topic which allows 343 

a scheduled mission to be aborted, and the “/spray_command” topic which can be used to trigger 344 

an immediate spray. 345 

The intervention logic and scheduling process is initiated by one of two triggers, the Proactive 346 

Trigger occurs when the “spray_scheduler” node monitors the (/weather_status) topic for a 347 

predicted "Blight-Suitable Time," allowing for preventative action before an outbreak occurs, 348 

while the Reactive Trigger is activated when a message on the (/blight_detection) topic from the 349 



14 

YOLOv8n node indicates a confirmed, active infection, which is treated as a high-priority event. 350 

Upon identifying a trigger, the “spray_scheduler” validates a set of constraints before proposing a 351 

spraying mission. It checks the weather data for the next "Spray-Suitable Time" to ensure safe and 352 

effective execution and consults an internal log to verify that no spray has been performed within 353 

the last 7 days, preventing unnecessary chemical application. This 7-day value is a design 354 

parameter of the scheduler rather than a biological constant, and it may need to be adapted to the 355 

recommended application interval of the fungicide in use. If all constraints are satisfied, the 356 

scheduler publishes a proposed mission time to the (/spray_schedule) topic, which is then 357 

consumed by the “spray_decider” node responsible for execution. 358 

USER INTERFACE FOR SYSTEM MONITORING AND CONTROL 359 

To complement the decision logic and scheduling layer, a web-based user interface is employed 360 

as the principal point of interaction, enabling seamless remote monitoring and control of the 361 

system. Real-time interaction between the user and the robotic system is enabled through a 362 

lightweight web interface developed with standard HTML, CSS, and JavaScript. To establish a 363 

reliable connection between the web browser and the ROS 2 ecosystem, the rosbridge server is 364 

integrated, creating a persistent WebSocket communication channel that allows the ROS 2 network 365 

to function as a backend for data streaming and command execution. A minimal Flask server is 366 

also used to orchestrate system startup, enabling the launch of all required ROS 2 nodes directly 367 

from the interface with a single click. 368 

The interface (Fig. 4) provides the farmer with a centralized dashboard to monitor system status 369 

and manage operational actions, ensuring continuous visibility over environmental conditions, 370 

detection results, and scheduled interventions. It also enables user interaction with the system 371 

through control commands and mode switching, ensuring that manual intervention can be 372 

performed when required, while maintaining synchronization with the underlying ROS 2 nodes 373 

and topics defined in the decision-making layer. 374 

A dedicated status logging panel displays a log of recent spraying activities, providing the farmer 375 

with a clear history of performed interventions for monitoring and reference purposes. 376 
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Fig. 4 The web-based user interface for the monitoring and control system 377 

RESULTS 378 

YOLOV8N DETECTION PERFORMANCE 379 

Fig. 5 presents the quantitative evaluation of the YOLOv8n model, the F1-confidence curve (Fig. 380 

5a) illustrates the balance between precision and recall, with an optimal F1-score of 0.86 achieved 381 

at a confidence threshold of 0.454. The "leaf" class consistently maintains a higher F1-score than 382 

the "blight" class, indicating more robust detection performance for healthy foliage. The recall-383 

confidence curve (Fig. 5b) shows that a high recall of 0.98 is maintained at a confidence threshold 384 

of 0.000. As the confidence threshold increases, the recall gradually declines, with the "leaf" class 385 

exhibiting superior recall stability compared to the "blight" class across the entire range. The 386 

precision-confidence curve (Fig. 5c) demonstrates that the model attains a precision of 1.00 for all 387 

classes at a confidence threshold of 0.856. Precision increases rapidly as the confidence threshold 388 

rises, confirming the model's ability to minimize false positives at higher confidence levels, and 389 

the precision-recall curve (Fig. 5d) confirms the model's effectiveness, with a mean Average 390 

Precision (mAP) of 0.920 at an IoU threshold of 0.5. The "leaf" class achieves a higher average 391 

precision of 0.959, compared to 0.882 for the "blight" class, illustrating strong overall 392 

classification performance. 393 
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 (a) (b) 394 

 (c) (d) 395 

Fig. 5 YOLOv8n Performance Curves. (a) F1-Confidence Curve, (b) Recall-Confidence Curve, 396 

(c) Precision-Confidence Curve, and (d) Precision-Recall Curve 397 

Table 2 Key Performance Metrics of the YOLOv8n Model on the Validation Set 398 

Metric Class: 
blight 

Class: leaf Overall 

Precision 0.865 0.905 0.885 

Recall 0.746 0.918 0.832 

mAP@0.5 0.882 0.959 0.920 

mAP@0.5:0.95 - - 0.691 

Table 2 summarizes the quantitative performance of the model for each class. The “leaf” class 399 

achieves the best results with a precision of 0.905, a recall of 0.918, and an mAP@0.5 of 0.959, 400 

indicating highly reliable detection of healthy leaves. In contrast, the “blight” class shows lower 401 
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performance, with a precision of 0.865, a recall of 0.746, and an mAP@0.5 of 0.882, reflecting 402 

more difficulty in detecting diseased regions. Overall, the model achieves a global mAP@0.5 of 403 

0.920 and an mAP@0.5:0.95 of 0.691, with an overall precision of 0.885 and recall of 0.832, 404 

confirming good generalization performance. Furthermore, the final trained YOLOv8n model 405 

demonstrated high detection performance and reliability, achieving a mean Average Precision 406 

(mAP) of 0.920 at an IoU threshold of 0.5 (Fig. 5). These results confirm the effectiveness of the 407 

proposed detection model. 408 

Further insight into the model's classification performance is provided by the confusion matrix, 409 

as outlined in Fig. 6. The matrix shows a high number of true positives for the 'blight' class (810) 410 

and 'leaf' class (456), confirming the model's effectiveness. It also highlights some 411 

misclassifications, such as 'background' being incorrectly predicted as 'blight' in 148 instances, 412 

which provides insight into the model's limitations. 413 

Fig. 6 Confusion Matrix for YOLOv8n Model 414 

Qualitative Detection Examples 415 

The qualitative behavior of the model is illustrated in Fig. 7 on two field photographs of potato 416 

leaves with late blight. In Fig. 7a, besides the larger lesion, the model also detected several small, 417 

early-stage lesions, which are the most difficult cases and the reason for the 800 × 800 pixel input 418 

size used in training. In Fig. 7b, lesions of different sizes were detected on overlapping leaves in a 419 
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dense canopy, together with the surrounding leaves. The hard negative mining dataset was 420 

introduced to reduce false positives on soil and other background elements; the remaining 421 

confusions between background and blight are quantified in the confusion matrix (Fig. 6). 422 

 (a) (b) 423 

Fig. 7 Qualitative Detection Examples on field photographs of potato leaves with late blight, 424 

shown with the detections of the proposed model: (a) a larger lesion and several small, early-425 

stage lesions (photo: Howard F. Schwartz, Colorado State University, Bugwood.org, CC BY 426 

3.0 US) and (b) lesions of different sizes in a dense canopy (photo: Neil Gudmestad, North 427 

Dakota State University, reproduced with permission) 428 

Field Deployment and On-Site Evaluation 429 

For further real-world validation, the system was tested in an agricultural environment at ITCMI 430 

(Institut Technique des Cultures Maraîchères et Industrielles). The main objective was to evaluate 431 

the performance of the complete system under real field conditions, outside the laboratory. 432 

The test was carried out on tomato plants in an outdoor environment under natural lighting 433 

conditions. The setup included real agricultural scenes with variations in illumination, complex 434 

backgrounds, and natural plant structures. This setting also challenged the detector, since tomato 435 

is a different host from the potato plants that make up most of the training images. Image 436 

acquisition and detection were performed in real time using a mobile phone camera connected 437 

through the ROS framework. 438 

During the field experiment, the system showed good performance in real conditions. Late blight 439 

was present on some of the tomato plants at the site, and the model detected both the healthy leaves 440 

and a late blight lesion on an infected leaf in real time (Fig. 8). This result indicates that the 441 

detector, developed for potato, also recognizes the disease on tomato, the other major host of the 442 
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same pathogen, and that the system can work in real agricultural environments. 443 

Fig. 8 Real-time Field Detection on Tomato. The model detects the healthy leaves (labeled 444 

"leaf") and a late blight lesion (labeled "blight") via the live camera feed 445 

WEATHER PREDICTION ALGORITHM PERFORMANCE 446 

Given its rule-based nature, the weather prediction algorithm was assessed for operational 447 

reliability and adherence to its logical parameters, rather than statistical predictive accuracy. The 448 

validation process consisted of verifying the correctness of the rule-based decision logic defined 449 

in the Blight Favorability Model and the Spraying Suitability Model. This was achieved by testing 450 

the algorithm against real-time weather data and 48-hour forecast sequences, ensuring that all 451 

detected “Blight-Suitable” and “Spray-Suitable” periods strictly satisfied the predefined 452 

environmental thresholds. The generated outputs were then checked to confirm that the earliest 453 

predicted high-risk and optimal spraying windows were correctly identified and consistently 454 

published through the ROS 2 system. This confirmed the module's robustness. Throughout the 455 

testing phase, it reliably polled the external weather APIs every 10 minutes without failure. More 456 

critically, the system's analysis of the 24-hour forecast correctly identified every "Blight-Suitable" 457 

and "Spray-Suitable" period based on the programmed environmental thresholds. 458 

DECISION SUPPORT SYSTEM VALIDATION 459 

The effectiveness of the decision support system was validated by observing its logical outputs 460 

in response to simulated and real-world triggers. In all test cases, the “spray_scheduler” correctly 461 

generated a spray suggestion in response to both proactive (weather-based) and reactive (visual 462 

detection) triggers. The constraint validation mechanism ensured that all scheduling rules were 463 
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respected before any mission proposal. Once a trigger is identified, the system checks its internal 464 

state and consults the “/spray_log” data to verify that no spraying operation has been performed 465 

within the last seven days. This 7-day spraying interval constraint prevents the scheduling of 466 

redundant treatments and was correctly enforced by the system throughout the tests. 467 

ASSESSMENT OF SYSTEM LATENCY AND INTERFACE RESPONSIVENESS 468 

The integrated system demonstrated effective real-time performance, a crucial component for 469 

successful field deployment. Quantitative measurements revealed that the YOLOv8n model 470 

processed images with an average inference speed of 9.8 ms per image, measured on the NVIDIA 471 

Tesla T4 GPU of the Google Colaboratory environment, a rate that comfortably supports live video 472 

analysis. During the system tests, the web user interface also remained highly responsive. The 473 

rosbridge WebSocket connection successfully facilitated instantaneous data streaming, delivering 474 

real-time updates for weather alerts, visual detections, and system status changes to the dashboard 475 

without perceptible delay. 476 

DISCUSSION 477 

This section analyzes the experimental results, discusses the strengths and limitations of the 478 

proposed system, and compares it with existing approaches. 479 

ANALYSIS OF RESULTS 480 

The validation tests demonstrate that the software architecture works precisely as designed. The 481 

visual detection module demonstrated particularly strong performance. The YOLOv8n model 482 

demonstrated its efficacy in detecting and localizing late blight, achieving an overall mAP@0.5 483 

score of 0.920. A key advantage of this model is its precision. For the blight class, it reached 0.865, 484 

which is crucial as it means relatively few false alarms. This low false positive rate would help 485 

prevent unnecessary spraying once the system is paired with an automated sprayer. The recall value 486 

of 0.746 demonstrates the system's efficacy in identifying most authentic infections. However, the 487 

real-world tests conducted on tomato plants at the ITCMI site were the true tests. The model 488 

exhibited a high degree of robustness under actual field conditions, accurately differentiating 489 

between blight and soil as well as other background elements. This outcome directly corroborates 490 

the efficacy of the adopted strategy, which entailed the utilization of a custom hybrid dataset built 491 

with hard negative mining. Furthermore, the remaining components demonstrated consistent 492 
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functionality. The weather prediction and DSS modules ran their rule-based logic, exhibiting no 493 

errors in the execution of their functions. These modules consistently send out alerts regarding 494 

high-risk conditions and optimal spraying times. The model's fast inference speed (9.8 ms per 495 

image on a Tesla T4 GPU) and responsive web interface make it suitable for real-time use in the 496 

field. 497 

STRENGTHS OF THE APPROACH 498 

The primary strength of this work lies in its holistic integration of a proactive weather-based 499 

prediction system and a reactive visual detection system. This dual-layer approach allows the 500 

system to anticipate threats while also confirming active infections, leading to a more efficient and 501 

reliable disease management strategy than standalone systems. 502 

Further strengths include: 503 

• Deployment readiness: The entire software architecture is built on the ROS 2 framework, 504 

thereby ensuring modularity, scalability, and a clear path for integration with physical 505 

robotic hardware. 506 

• Real-world robustness: The use of a custom dataset with field imagery and hard negative 507 

mining has yielded a visual detection model that exhibits enhanced robustness in real-world 508 

conditions compared to models trained exclusively on lab-based datasets, such as 509 

PlantVillage. In the field, it also recognized late blight on tomato, the other major host of 510 

the same pathogen, which indicates good generalization beyond its training conditions. 511 

• User-centric design: The unified web interface simplifies the complex underlying system, 512 

making it accessible to farmers and allowing for intuitive monitoring and control without 513 

requiring expertise in robotics or AI. 514 

LIMITATIONS 515 

The promising results of this work must be considered alongside its present limitations. For the 516 

detection module, challenges persist in highly unstructured environments, such as inconsistent 517 

lighting (e.g., direct sunlight, shadows), diverse leaf orientations and the presence of dust or debris 518 

that might mimic or obscure disease symptoms, which can still impede performance. In addition, 519 

the field evaluation was qualitative and was carried out on tomato, as potatoes were out of season; 520 

a quantitative evaluation in potato fields remains to be done. A separate consideration is the 521 

weather subsystem, which functions correctly but inherits the spatial resolution limits of its 522 
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external data feeds. This may result in the potential loss of critical microclimatic variations within 523 

a single field. Ultimately, these findings pave the way for a crucial subsequent phase, which entails 524 

the extension of the proposed solution to a complete robotic system. It is only through such in-situ 525 

evaluation that the technology's long-term operational viability can be fully gauged. 526 

CONCLUSION AND FUTURE WORK 527 

This paper presented a novel intelligent decision support system designed to address the 528 

significant challenge of managing late blight in potato crops, particularly for farmers in Algeria. 529 

The integration of a real-time YOLOv8n visual detector, a proactive weather-based prediction 530 

algorithm, and an intelligent DSS within the ROS 2 framework has yielded a holistic and robust 531 

solution for proactive threat mitigation. The findings of this study demonstrate that a hybrid dataset 532 

strategy, combined with lightweight deep learning models, is crucial for achieving effective 533 

performance in real-world agricultural settings. The experimental results confirm the effectiveness 534 

of the proposed system in providing accurate disease detection and improving the timing of 535 

intervention through real-time weather-aware decision support. 536 

This work translates into a tangible tool for farmers: a unified web interface that brings crop 537 

health data and decision support together in one place, enabling interventions that are not only 538 

timely but also precisely targeted, thereby supporting more sustainable agricultural management. 539 

From a technical standpoint, the main contribution lies in the development of an end-to-end 540 

software architecture that effectively bridges the gap between perceptual algorithms and actionable 541 

intelligence. It is anticipated that the real-world impact will be significant, with the potential to 542 

curtail unnecessary fungicide applications, reduce operational costs, and promote sustainable 543 

practices, starting in Algeria but with clear applicability to other regions. 544 

Looking forward, the development roadmap will be guided by the limitations that have been 545 

identified. A short-term objective is to broaden the visual model’s diagnostic capabilities to include 546 

other common potato pathogens. There is also considerable value in augmenting the weather 547 

prediction system with on-site sensors to capture hyperlocal microclimates. The most critical next 548 

step, however, involves transitioning from software validation to integrated system testing. A long-549 

term deployment on an autonomous robotic platform is essential to gather robust, quantitative data 550 

on the system's economic and environmental impact at scale. 551 
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