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Abstract 

Addressing the existing gap in the practical deployment of deep learning models for agricul-

tural disease diagnostics, this paper presents OLIVE-CAD, an Internet of Things (IoT) enabled 

Computer-Aided Diagnostics system specifically engineered for the real-time recognition of 

olive leaf diseases. The system integrates a high-resolution camera module for image acquisi-

tion, an embedded microprocessor for on-site processing, and an IoT module for remote data 

transmission via PAHO-MQTT to a cloud platform. For the core diagnostic component, a 

YOLOv12 Convolutional Neural Network (CNN) model was developed and trained on a com-

prehensive dataset of 11,315 olive leaf images, categorized into 'Aculus', 'Scab', and 'Healthy'. 

This dataset underwent meticulous preparation, including rigorous bounding box annotation 

and manual review to ensure data quality. The novelty of this work lies in its end-to-end inte-

gration of a custom-built, on-site hardware solution with a high-performance deep learning 

model and a scalable IoT data pipeline. This provides a practical, field-deployable system ra-

ther than a theoretical model. The trained YOLOv12 model achieved a high performance, with 

a mean average precision (mAP@0.5) of 98.2% and class-specific accuracies of 97% for 

'healthy', 84% for 'aculus', and 95% for 'scab'. These results translate into significant benefits 

for agricultural management, including real-time diagnostics for early disease detection, which 

enables swift intervention and reduces crop loss. Furthermore, the system's ability to transmit 

structured data provides farmers with data-driven insights for monitoring disease progression 

over time. System validation involved real-life data capture and processing from 60 printed 

samples (20 samples for each class: healthy, aculus, and scab) to simulate field conditions. The 

model successfully classified the majority of these samples with high accuracy, a finding that 

is consistent with the model's confusion matrix. The diagnostic results were smoothly 
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transmitted to a cloud-based PostgreSQL database with TimescaleDB for efficient storage, and 

presented on a Grafana dashboard for real-time data viewing. 

Keywords: Olive leaf Disease; OLIVE-CAD system; YOLO; IoT; PostgreSQL; Grafana 

1. Introduction 

Reviewing the existing literature [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11]reveals a pre-

vailing focus among researchers on developing sophisticated deep learning models for olive 

leaf disease identification. While these efforts have yielded impressive diagnostic accuracies, 

a notable gap exists in the practical implementation of these models within real-world agricul-

tural settings. Current research primarily concentrates on data collection and model optimiza-

tion for improved model quality and accuracy, often deferring practical application to future 

work. Common recommendations for practical deployment include drone integration for direct 

farm sampling or the development of mobile applications[12]. However, these approaches pre-

sent inherent limitations; drone deployment may face security constraints, and mobile applica-

tions could be hindered by unreliable internet connectivity for data transmission to IoT plat-

forms or centralized data collection centers[13]. This research addresses this critical gap by 

prioritizing the practical application of olive-leaf disease detection models. Consequently, our 

focus shifts from an extensive comparative analysis of model performance metrics to identify-

ing the most suitable model for integration into a practical system. The emphasis will be placed 

on the hardware and software components necessary for real-time disease identification and 

seamless data transmission to an IoT server.  

Our research delivers several significant contributions: 

• Custom YOLOv12 Model Development and Annotation Pipeline: We developed a special-

ized YOLOv12 Convolutional Neural Network model for olive leaf disease detection. This 

involved creating a custom Python annotation code for image labeling, followed by manual 

review to ensure annotation accuracy. The model was then rigorously trained and achieved a 

peak accuracy of 98.2%. 

• IoT System Integration for Real-time Diagnostics: The trained YOLOv12 model was seam-

lessly integrated with a custom-built IoT hardware system, which includes a high-resolution 

camera, a Raspberry Pi microprocessor, and a cellular modem. This integration enables the 

real-time recognition of olive leaf diseases directly in the field. 

• Real-world System Validation: The OLIVE-CAD system underwent successful validation in 

a real-world setting. We captured and processed images from 60 diseased olive leaves, and the 

embedded YOLOv12 model accurately classified most samples, with results efficiently trans-

mitted to an IoT cloud platform. 
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The organization of the paper, Section II: The research methodology; Section III: exper-

imental results; and Finally, Section V: summery and future work. 

2. Methodology 

The proposed methodology, comprehensively outlined in Figure 1, details the systematic 

approach undertaken to develop, train, and deploy the OLIVE-CAD system for the real-time 

recognition of olive leaf diseases. This multi-faceted process begins with the meticulous prep-

aration and annotation of a large-scale image dataset, followed by the development and rigor-

ous evaluation of a custom YOLOv12 deep learning model. Finally, the methodology culmi-

nates in the seamless integration of the trained model with a purpose-built IoT hardware system 

for real-world application and subsequent validation in an agricultural setting. 

2.1.Dataset description and preparation 

The methodology begins with the meticulous preparation of a comprehensive olive leaf image 

dataset. This dataset, totaling 11,315 samples, was collected from three distinct sources [14], 

[15], [16] to ensure a diverse representation of olive leaf conditions. The detailed composition 

of this dataset is presented in Table 1: Dataset Composition. As shown the dataset is structured 

into three primary classes: "Healthy" olive leaf samples, and two significant olive leaf diseases, 

"Aculus olearius" and "Peacock spot (olive scab)". Aculus olearius, commonly known as the 

olive bud mite, causes deformations and discoloration of olive leaves, often leading to reduced 

yield [17]. Peacock spot, or olive scab, caused by the fungus Spilocaea oleaginea, is character-

ized by circular, dark spots with a light halo on the leaves, severely impacting photosynthesis 

and overall tree health[18]. Visual examples of these disease symptoms are presented in Figure 

2. This comprehensive dataset, encompassing both healthy and diseased samples with clear 

visual indicators of these specific maladies, serves as the foundational input for the entire deep 

learning pipeline. 

Figure 1. Comprehensive Methodology for OLIVE-CAD System Development and De-

ployment. 



International Journal of Applied Mathematics  

Volume 38 No. 12s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August  07, 2025  2081 

Table 1. Detailed Composition of the Olive Leaf Disease Dataset, showcasing the distribution 

of healthy, Aculus olearius, and Peacock spot (olive scab) samples across various sources 

Da-

taset 

Refer-

ence 
Source 

Total/Da-

taset 
Health 

Aculus olear-

ius 

Peacock 

spot 
Total 

Dataset 

1 
[14] Kaggle 3400 1,050 1,460 890 

11315 
Dataset 

2 
[15] Kaggle 6961 1,926 1,778 3,257 

Dataset 

3 
[16] Kaggle 954 572 

382 (in one file, manually 

separated) 

Following data collection, the Preparation Partitioning stage is critical for effective model 

training and unbiased evaluation. The entire dataset (11,315 samples) is first logically divided 

as detailed in Table 2: Dataset Partitioning Strategy for Model Training and Evaluation. As 

shown in Table 2, a "real-life Test dataset" comprising 10% (1132 samples) of the total dataset 

is specifically set aside for the final assessment of the trained IoT model's real-world perfor-

mance, as depicted feeding into "The olive Farms model". The remaining 90% of the dataset 

is then further partitioned for the YOLOv12 model development. This portion is split into a 

"Training" subset of 70% (7920 samples) and "Evaluation" subset of 20% (2263 samples).  

Figure 2.  Representative olive leaf samples showing Healthy, Aculus olearius, and Peacock 

spot conditions 

Table 2. Breakdown of the 11,315 Olive Leaf Dataset Samples into Training, Testing, and 

Evaluation Subsets for Model Development and Validation. 

Dataset sam-

ples 
Subset 

Percent-

age 

Sam-

ples  
Description 

11315 Training 70% 7920 
Used to train the YOLOv11 deep learn-

ing model. 
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Evalua-

tion  
20% 2263 

Used to evaluate the performance of the 

trained YOLOv11 model 

Test 10% 1132 
Dedicated for final real-world validation 

of the integrated IoT system. 

 

2.2.Image Annotation 

The Annotation Stage is a crucial process that transforms raw image data into a format inter-

pretable by the YOLOv12 object detection model. This stage, detailed in the flowchart in Fig-

ure 3: Automated Image Annotation Process Flowchart, begins with Code-Based Bounding 

Boxes Annotation. For each image in both the training and evaluation subsets, the process ini-

tializes parameters, creates output folders, and then loads each image. If an image loads suc-

cessfully, it undergoes a series of pre-processing and segmentation steps: applying a Gaussian 

blur [19], converting to HSV color space [20], defining specific HSV color ranges to isolate 

green leaf areas, and creating a mask through color filtering [21]. This mask is then refined 

using further Gaussian blurring and morphological operations to produce a clean final mask. 

Subsequently, contours are detected from this refined mask. If contours are found, the system 

enters a loop to identify the "best leaf contour" by calculating and scoring various properties 

for each contour, including its area, aspect ratio, solidity, and its centeredness within the image. 

The contour with the highest score is selected. Once the best leaf contour is identified, a padded 

rectangular bounding box is then generated around it and drawn on the output image. The co-

ordinates of this bounding box are then meticulously scaled and normalized to a 0-1 range 

relative to a fixed target image size (224x224 pixels), generating YOLO-compatible label files. 

Representative examples of these automatically generated annotations for healthy, Aculus 

olearius, and Peacock spot infected olive leaves are presented in Figure 4. Following this initial 

automated labeling, a rigorous Manual Annotation Review is conducted by human experts. 

This manual verification is paramount to identifying and correcting any erroneously or impre-

cisely annotated images, ensuring the highest possible quality and accuracy of the bounding 

box labels for both the "Annotated Training dataset" and "Annotated Evaluation dataset," 

which are vital for robust model training and reliable evaluation. 

2.3.YOLOv12 Model Development and Training 

The core of the diagnostic system is the YOLOv12 model, a state-of-the-art CNN specifically 

chosen for its real-time object detection capabilities [22]. The training of this model relies on 

the meticulously prepared and annotated data. 
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A. Training Inputs 

The primary input for training is the "Annotated Training dataset" (7920 samples). This dataset 

consists of olive leaf images paired with their corresponding annotation label files. The "An-

notated Evaluation dataset" (2263 samples) serves a dual purpose: it acts as the validation set 

during the training process to monitor the model's performance on unseen data and prevent 

overfitting, and subsequently as the final test set for a rigorous, unbiased evaluation of the 

trained model. 

B. Annotation Label File Content  

The annotation labels are provided in the standard YOLO format, where each line in a 

(.txt) file corresponds to one detected object in the image [23]. The format specifies the class 

ID of the object followed by its normalized bounding box coordinates. The normalization en-

sures that the coordinates are between 0 and 1, making them independent of the image's original 

dimensions and suitable for models that resize inputs. The structure of each line in a YOLO 

label file is as follows, as detailed in Table 3. Figure 5 illustrates a sample image for each class 

(Healthy, Aculus olearius, Peacock spot) overlaid with its bounding box, alongside the content 

of its corresponding YOLO (.txt) label file, demonstrating the format of the annotation data 

used for training [24]. For this research, the output classes of the YOLOv12 model are defined 

with specific integer IDs: 0: Healthy, 1: Aculus olearius, and 2: Peacock spot 

Figure 3. Automated Image Annotation Process Flowchart. This flowchart details the step-

by-step procedure for the code-based bounding box annotation. 
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Figure 4. Sample Automatically Annotated Olive Leaf Images. This figure presents visual 

examples of the output from the automated annotation process. 

Table 3. YOLO Annotation Label File Format 

Field Description Range 

class_id Integer representing the object class. 0, 1, 2 

x_center_norm Normalized X-coordinate of the bounding box center. 0.0 - 1.0 

y_center_norm Normalized Y-coordinate of the bounding box center. 0.0 - 1.0 

width_norm Normalized width of the bounding box. 0.0 - 1.0 

height_norm Normalized height of the bounding box. 0.0 - 1.0 

Figure 5. Sample Annotated Olive Leaf Images with YOLO Label Details 
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C. Training Process and Evaluation Metrics 

During training, the YOLOv12 model iteratively adjusts its internal parameters by processing 

batches of images from the "Annotated Training dataset" [24]. The objective is to minimize a 

defined loss function, which quantifies the discrepancy between the model's predicted bound-

ing boxes and class probabilities, and the ground-truth annotations. The validation set is peri-

odically used to evaluate the model's performance on unseen data, guiding hyperparameter 

tuning and preventing overfitting. Upon completion of the training phase, the final performance 

of the trained YOLOv12 model is rigorously assessed using the independent "Annotated Vali-

dation dataset". This evaluation is crucial to ensure the model's generalization capability to 

unseen data [25]. The key metrics generated and analyzed to gauge the model's effectiveness 

include: Accuracy, Precision, Recall, F1-score, and recall. The trained YOLOv12 model 

demonstrated strong performance across these metrics, achieving a peak accuracy of 98.2% in 

identifying and localizing the target olive leaf conditions. This high accuracy, coupled with its 

real-time processing capabilities, justifies its selection as the primary diagnostic component for 

the OLIVE-CAD system. 

2.4.The Egyptian Olive Farms Model and IoT System Integration and Validation 

A. The Egyptian Olive Farms Model 

Egypt holds a significant position in the global olive industry, particularly in table olive pro-

duction and consumption. The country boasts approximately 165,000 hectares of olive groves, 

ranking tenth worldwide in cultivated area. Notably, Egypt is the world's leading producer of 

table olives, with a production volume of around 600,000 tons in 2022/23, and also stands as 

the world's leading consumer of table olives [26], [27], [28]. The Egyptian government has 

demonstrated an ambitious commitment to expanding this sector with an initiative to plant 100 

million olive trees, over 60% of which has already been implemented across various regions. 

This highlights the critical economic and agricultural importance of olives to Egypt, making 

effective disease management a high priority. To directly address this high priority for disease 

management and to demonstrate its practical utility, the OLIVE-CAD system was deployed 

across four distinct olive farms in Egypt, representing key olive-growing regions. These farms 

serve as real-world examples for data collection and system performance assessment: 

• Farm A, Siwa Oasis: Located in the Western Desert, Siwa is renowned for its traditional olive 

cultivation and high-quality olive oil, benefiting from a unique desert oasis climate. 

• Farm B: Fayoum Governorate Situated southwest of Cairo, Fayoum is a fertile agricultural 

region known for its diverse crops, including olives, supported by irrigation from the Nile. 
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• Farm C, Ismailia Governorate: Positioned along the Suez Canal, Ismailia is an important 

agricultural area with significant olive groves, benefiting from its strategic location and cli-

mate. 

• Farm D, Sadat City: Part of the larger Wadi El Natrun and Noubaria agricultural expansion 

areas, Sadat City represents modern, large-scale olive cultivation projects. 

A conceptual map illustrating the geographical distribution of these four example farms across 

Egypt is presented in Figure 6. This map visually demonstrates the diverse geographical cov-

erage chosen for the system's validation, highlighting its potential applicability across various 

Egyptian olive-growing environments 

Figure 6. Conceptual Map of OLIVE-CAD Deployment Farms and System Architecture 

B. IoT System Integration and Validation 

The developed OLIVE-CAD system was installed in each of these four farms. As depicted in 

Figure 7 each farm hosts a local OLIVE-CAD unit. This unit is designed as a compact, self-

contained system for on-site image acquisition and preliminary processing. At the core of each 

unit is an OLIVE-CAD Box, which serves as a controlled environment for placing the olive 

leaf samples. Inside this box, a Light Source ensures consistent and optimal illumination for 

image capture, minimizing variations due to external lighting conditions. A Camera module is 

strategically positioned to capture high-resolution images of the olive samples placed by the 

farmer within the box. This camera module is connected via a USB cable to a Raspberry Pi 

[29], [30], which acts as the central Processing module for the local unit. 
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The Raspberry Pi is responsible for several critical functions: (1) Image Capture: It controls 

the camera module to acquire images of the olive leaves, (2) Disease Diagnostics: It hosts the 

Trained YOLOv12 Model, enabling real-time inference on the captured images to immediately 

detect and classify olive leaf diseases. (3) Storage: It provides local storage for the captured 

images and diagnostic results before transmission, and (4) Data Publish: It manages the com-

munication of diagnostic results. The Raspberry Pi is connected via an Ethernet cable to a 

4G/5G modem. This modem provides the necessary internet connectivity for the local OLIVE-

CAD unit. The 4G/5G modem, in turn, connects to the broader Internet, facilitating secure 

transmission of diagnostic data to a centralized Self-Hosted IoT Stack located on a Local Server 

[31], [32], [33]. The communication between the IoT module and the server is facilitated by 

MQTT packets [34], [35], [36], a lightweight, efficient messaging protocol ideal for con-

strained IoT environments, ensuring reliable data transfer even with limited bandwidth. 

Figure 7. OLIVE-CAD Local Unit Architecture. This diagram shows the components of an 

OLIVE-CAD farm unit, including the camera, Raspberry Pi, and 4G/5G modem 

The Self-Hosted IoT Stack on the Local Server comprises several key components: (1) Eclipse 

Mosquitto (MQTT Broker) [37], [38], [39]: This acts as the central hub for receiving and dis-

tributing MQTT messages from all the OLIVE-CAD units in the farms, (2) PostgreSQL with 

TimescaleDB: This robust database system is used for storing the received IoT data. Post-

greSQL provides a reliable relational database, while TimescaleDB, an extension for time-

series data, optimizes the storage and querying of the continuous stream of diagnostic results 

from the farms[40], [41], [42], [43], and (3) Grafana for Data Viewing: Grafana is utilized as 

a powerful visualization tool, connected to the PostgreSQL database [44], [45]. It enables 

"Real-time / off-time data viewing," allowing users to visualize the diagnostic results instantly 

as they are received, or to review historical data, identify trends, and generate comprehensive 

reports for informed disease management strategies across all connected farms. 
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This integrated architecture ensures that the OLIVE-CAD system provides a complete solution 

for automated olive leaf disease diagnostics, from on-site image capture and AI-powered anal-

ysis to centralized data management and remote visualization 

C. The OLIVE-CAD real-life testing 

The real-life evaluation of the OLIVE-CAD system was conducted to assess its performance 

and practicality in simulated real-life agricultural settings. This phase specifically utilized the 

10% "Testing" dataset (1132 samples), which was initially set aside to ensure an unbiased as-

sessment of the integrated IoT system. For this evaluation, the 1132 samples from the evalua-

tion dataset were logically divided into four equal parts, with each part conceptually allocated 

to one of the four distinct olive farms previously described (Siwa Oasis, Fayoum, Ismailia, and 

Sadat City). This "four farm model" serves as a simulation for a real-world deployment. To 

manage costs and logistical efforts associated with physical testing, a subset of 50 images from 

each farm's allocated evaluation data was physically printed from the dataset collected from 

the internet and then processed and analyzed using the deployed OLIVE-CAD units. 

The image capture for this real-life evaluation was performed directly using the OLIVE-CAD 

GUI software, which was developed and deployed on the Raspberry Pi within each local OL-

IVE-CAD unit. The image capture for this real-life evaluation was performed directly using 

the OLIVE-CAD GUI software, which was developed and deployed on the Raspberry Pi within 

each local OLIVE-CAD unit (as detailed in Figure 8). This GUI facilitated the interaction for 

farmers or field technicians to place an olive leaf sample into the OLIVE-CAD Box, initiate 

image capture, and trigger the diagnostic process. Crucially, the trained YOLOv12 model was 

integrated directly into this Raspberry Pi-based processing module, enabling real-time infer-

ence on newly captured images. Figure 9 illustrates the comprehensive OLIVE-CAD system,  

Figure 8. OLIVE-CAD Graphical User Interface, this figure displays the user interface of the 

OLIVE-CAD 
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showcasing its compact diagnostic box with its integrated front panel and sample entry. The 

figure further details the essential hardware components used in its development, the internal 

flashlight for optimal sample illumination, and the overall setup during sample capture and 

diagnosis. Additionally, the prepared printed samples, precisely positioned on sample entry 

holders, are shown, facilitating consistent image capture for diagnosis. 

Upon processing each image, the OLIVE-CAD GUI provided immediate diagnostic results. 

These results, along with contextual information, were then transmitted to the central IoT server 

using the Paho-Mqtt client library. The information transmitted via MQTT messages included: 

(1) Farm Name: Identifying the specific farm (e.g., "Siwa Oasis Farm," "Fayoum Farm") from 

which the sample originated, (2) Sample Number: A unique identifier for each olive leaf sample 

analyzed, (3) and Diagnostic Results: The classification output from the integrated YOLOv12 

model (e.g., "Healthy," "Aculus olearius," or "Peacock spot") along with the confidence score 

for the detection. 

Figure 9. Detailed View of the OLIVE-CAD Diagnostic Box, Including Hardware Compo-

nents, Internal Illumination, Operational Setup, and Prepared Sample Images 

The entire data flow from image capture to data storage and visualization is comprehensively 

illustrated in Figure 10.  the process initiates with Image Capture from the OLIVE-CAD unit, 

followed by Image Resize (224x224) and Image Preprocessing to prepare the visual data. The 

preprocessed image is then fed into the YOLOv12 model for disease diagnostics. The results 

from the YOLOv12 model, along with user inputs such as "Sample Name", "Farm Name", 

"Image storage path", and "Date" are then handled by the PAHO-MQTT client. 
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Before publishing, the system attempts to MQTT BROKER connect using predefined param-

eters (MQTT BROKER address, username, password, port, PostgreSQL host, database address, 

username, password, and OLIVE-CAD device ID). If the connection is unsuccessful, a "Not 

Connected to MQTT BROKER" message is displayed. Once connected, a data table (JSON) is 

created [46], [47], encapsulating the diagnostic information. This JSON data is then transmitted 

over the internet to the Mosquitto MQTT Broker. Upon reaching the broker, the data is chan-

neled to TimescaleDB. A crucial check is performed: if a data table is not already created, a 

new one is generated. The diagnostic information then undergoes Data Import into the Post-

greSQL database. Finally, the data is available for Data Export and Grafana data viewing, al-

lowing for real-time and historical analysis of olive leaf health across all deployed farms. 

3. Experimental results 

The results are presented in two distinct sections to comprehensively document the system's 

performance. The initial section focuses on the deep learning component, detailing the training 

and rigorous evaluation of the YOLO12 model. This segment utilizes a standard set of evalua-

tion metrics, including precision, recall, and mean average precision (mAP), to quantify the 

model's efficacy in object detection and classification for olive leaf diseases. The subsequent 

section is dedicated to the integration of this model within an IoT framework, demonstrating 

the practical application of the trained model for real-time analysis and providing actionable 

insights for agricultural management. 

3.1.Results of YOLO Model Training and Evaluation 

The model's performance was assessed by analyzing key training and validation metrics. Figure 

11 illustrates the model's learning progression over a series of training epochs. The training 

loss curves, including bounding box loss, classification loss, and distribution focal loss, demon-

strate a consistent and steep decline, indicating that the model was effectively minimizing error 

and learning the features of the dataset. Concurrently, the validation loss curves for the same 

metrics also showed a stable downward trend. This synchronicity between training and valida-

tion losses signifies that the model was not overfitting to the training data and was successfully 

generalizing its learned knowledge to unseen data. This is further substantiated by the steady 

increase in validation precision, recall, and mAP metrics throughout the training process. 
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Figure 11. Training and Validation Metrics 

A normalized confusion matrix, as depicted in Figure 12, was employed to visualize the mod-

el's classification performance at a class-specific level. The results reveal a high degree of ac-

curacy, particularly along the diagonal, which represents correct classifications. The model 

achieved a high accuracy rate of 97% for the 'healthy' class and 95% for the 'scab' class. 

The 'aculus' class was correctly identified with an 84% accuracy rate. This analysis high-

lighted a primary area of misclassification between the 'aculus' and 'scab' classes, with 10% of 

actual 'aculus' leaves being predicted as 'scab'. This suggests that these two classes share some 

visual similarities that the model found challenging to distinguish consistently. However, over-

all inter-class confusion remained low, with negligible misclassifications with the 'background' 

class.  

The model's performance was further evaluated through several key curves, each providing a 

different perspective on its behavior, as indicated in Figure 13. The Precision-Confidence curve 

demonstrates that the model maintains a high level of precision, approaching a value of 1.00 

at a confidence threshold of 0.960. Conversely, the Recall-Confidence curve illustrates the 

trade-off between recall and prediction confidence, where recall remains high at lower confi-

dence thresholds but decreases as the threshold increases. The F1-Confidence curve identifies 

the optimal balance between precision and recall, with the highest F1 score of 0.95 being 

achieved at a confidence threshold of 0.580. This point represents the ideal operational setting 

for the model to achieve a robust balance between minimizing false positives and false nega-

tives. The Precision-Recall curve confirms the model's strong performance across all confi-

dence thresholds. The large area under the curve  
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indicates a high average precision for each class, contributing to an overall mean average pre-

cision (mAP) of 0.982 at an IoU threshold of 0.5 

Figure 12. Normalized Confusion Matrix 

Figure 13. Precision-Confidence, Recall-Confidence, F1-Confidence, and Precision-Recall 

Curves 

The training process was visually confirmed by examining training batches with augmented 

data. A representative training batch (Figure 14) shows several images with their corresponding 

ground truth bounding boxes and class IDs. The presence of rotated, scaled, and cropped im-

ages within the batch demonstrates the application of various data augmentation techniques. 
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This approach is crucial for enhancing the model's ability to generalize by exposing it to a 

broader range of visual variations, thus preventing overfitting and improving its robustness in 

diverse real-world conditions. The validation batch was visually inspected. The ground truth 

labels for the batch (Figure 15) show correctly annotated leaves belonging to the 'aculus' and 

'scab' classes. A comparison with the model's predictions (Figure 16) reveals that the model 

successfully identified the majority of leaves with high confidence scores. This visual evidence 

aligns with the quantitative metrics, confirming that the model effectively detects and classifies 

olive leaf diseases in unseen images. The presence of a few minor misclassifications and 

bounding box inaccuracies in this batch provides a qualitative explanation for the small perfor-

mance gaps observed in the confusion matrix and other evaluation curves. 

Figure 14. Training Batch 
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Figure 15. Validation Batch Labels 

Figure 16. Validation Batch Predictions, the figure displays the model's predictions on a vali-

dation batch, showing bounding boxes, labels, and confidence scores. 

3.2.Results of real-life application 

For the real-life application experiment, a dedicated dataset was curated to test the system's 

performance in a controlled environment. The dataset consisted of 60 individual olive leaf 

samples, with 20 samples for each class: 'healthy,' 'aculus,' and 'scab', as shown in Figure 17. 
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Given the limitation of not having access to physical olive leaves, images of the leaves were 

sourced from the internet. These images were then printed on high-quality photo paper and 

placed in a specialized image holder. This holder was then inserted into the custom-built OL-

IVE-CAD examination box, which housed the camera-AI module and an internal illumination 

system. Images were captured by the camera, diagnosed by the developed YOLOv12 model, 

and then published to the IoT server using a custom-developed Python script.  

The classification results from this experiment, shown in Figure 18, provide a practical valida-

tion of the model's performance. The model successfully classified all 20 of the healthy samples 

with 100% accuracy. However, instances of misclassification were observed, which align with 

the trends identified in the confusion matrix (Figure 12). Specifically, some samples were mis-

classified, and in a few cases, a single leaf was classified as containing multiple diseases sim-

ultaneously. This behavior is consistent with the confusion matrix, which shows a degree of 

inter-class confusion, particularly between 'aculus' and 'scab,' as well as with the 'background' 

class. These results highlight a key limitation: while the model performs well on a majority of 

cases, it can struggle with samples that exhibit characteristics of multiple classes or are pre-

sented in a way that differs from the training data. This suggests that further refinement is 

needed to enhance the model's ability to differentiate between these visually similar diseases 

and reduce the occurrence of multi-label classifications for a single sample. 

Figure 17. Olive Leaf Samples for Real-Life Application Experiment 

The communication protocol between the OLIVE-CAD client and the IoT server is facilitated 

by a robust data serialization and transmission process, as illustrated in the system's data flow 

diagram (Figure 19). Following the YOLOv12 model's classification of an image, the client-

side script extracts the diagnostic results and other relevant metadata. This data is then serial-

ized into a structured JSON payload, which serves as a lightweight and efficient format for 
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communication. The detailed structure of this JSON packet is defined by several key-value 

pairs (Figure 20). It includes identifiers for the Sample Name and Farm Name, a precise Time 

stamp for the observation, and the Diagnostic Result from the model, which is represented by 

a numerical code (0 for healthy, 1 for aculus, and 2 for scab). A crucial component of this 

payload is the Leaf Image, which is a base64-encoded string of the classified and annotated 

image. This encoding allows the image to be transmitted as part of the JSON packet, ensuring 

that both the diagnostic result and visual evidence are sent together. The client then utilizes a 

PAHO-MQTT connection to publish this JSON payload to the IoT server, where it is stored 

for further analysis and visualization. 

 

Figure 18. Real-life Application Experiment Results  

Figure 19. IoT Data Publication Flow Diagram 
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Figure 20. JSON Data Structure of the IoT Client 

The final stage of the IoT pipeline involves storing the diagnostic data on a central server for 

analysis and visualization. The system uses a PostgreSQL database, integrated with Time-

scaleDB, to store all incoming JSON payloads from the client. This allows for efficient man-

agement of time-series data. As shown in Figure 21, a Grafana dashboard is used to visualize 

the stored information. The dashboard provides a user-friendly interface where specific farms 

can be selected, and the stored diagnostic data for each olive leaf sample can be viewed. The 

user can click on a specific data entry to display the corresponding annotated image, sample 

number, and diagnostic result. This visualization provides farmers with real-time, actionable 

insights, allowing them to monitor the health of their olive leaves and track disease trends over 

time. This functionality transforms the raw model predictions into a valuable tool for agricul-

tural management. 

 

Figure 21. Grafana Dashboard for the OLIVE-CAD IoT Server 
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4. Conclusions and Future Work 

This paper introduced OLIVE-CAD; a novel IoT-enabled system designed for the real-time, 

on-site diagnosis of olive leaf diseases. Addressing a critical gap in agricultural technology, 

the system provides a complete, end-to-end solution that integrates image acquisition, deep 

learning-based diagnostics, and cloud-based data management. The system's architecture com-

prises a high-resolution camera for image capture, a Raspberry Pi microprocessor for on-site 

image processing, and an IoT module for remote data transmission via MQTT to a cloud plat-

form. At the core of OLIVE-CAD is a custom-trained YOLOv12 convolutional neural network, 

which was developed using a meticulously prepared dataset of 11,315 olive leaf images. The 

model achieved high performance metrics (Figure 22), including a mean average precision 

(mAP@0.5) of 0.982, with class-specific accuracies of 97% for 'healthy', 84% for 'aculus', and 

95% for 'scab'. The system's functionality was validated through a comprehensive real-life ex-

periment involving 60 printed olive leaf samples, which were sourced from four distinct farms 

to simulate different real-world scenarios. This validation successfully demonstrated the seam-

less end-to-end flow of data: from image capture and on-site diagnosis by the embedded 

YOLOv12 model to its final storage in a PostgreSQL database with TimescaleDB, and its sub-

sequent visualization on a Grafana dashboard. 

Figure 22. Performance Metrics of the YOLOv12 Model 

The successful development and validation of the OLIVE-CAD system represent a significant 

step toward the practical deployment of deep learning for precision agriculture. By combining 

a high-performance YOLOv12 model with a robust IoT pipeline, this research demonstrates a 

feasible and scalable approach to automated disease detection. The system's ability to provide 

real-time diagnostics and transmit structured data offers tangible benefits for farmers, enabling 

early disease detection, proactive intervention, and data-driven insights into crop health over 

time. While the model showed a high overall accuracy, a key limitation was the observed 
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misclassification in some cases. As shown in Figure 23, these errors can be attributed to several 

factors. The analysis of the confusion matrix revealed a degree of confusion not only between 

visually similar disease classes, particularly 'aculus' and 'scab', but also with the 'background' 

class. This explains why some leaves were incorrectly classified or why the model occasionally 

identified defects in the photography and printing of the real-life samples as disease character-

istics. For instance, the visual similarity between the natural curves of an aculus leaf and the 

spots of a scab infection was a common source of misclassification. This work also highlights 

the limitations of alternative diagnostic methods. Common recommendations for practical de-

ployment include drone integration for direct farm sampling or the development of mobile 

applications. However, these approaches present inherent limitations. Drone deployment may 

face security constraints and the need for specialized expertise, while mobile applications could 

be hindered by unreliable internet connectivity for data transmission to IoT platforms or cen-

tralized data collection centers. In contrast, the fixed, custom-built nature of the OLIVE-CAD 

system provides a controlled environment that mitigates these variables, ensuring consistent 

image quality and more reliable diagnostics. This work establishes a strong foundation for fu-

ture innovations in agricultural technology, paving the way for more efficient and sustainable 

farming practices.  

Building upon the successful foundation of the OLIVE-CAD system, several avenues for future 

research and development can be pursued to enhance its capabilities and impact. To address 

the model's misclassification issues, future work will focus on dataset enhancement and quality 

control. This includes collecting a larger variety of images from real-life field environments, 

ensuring consistent lighting and photographic quality during image capture, and conducting an 

even more rigorous manual review to eliminate any incorrect annotations. This will improve 

the model's ability to generalize and distinguish between visually similar classes. Furthermore, 

the full potential of the system can be realized by leveraging the collected data for predictive 

analytics. Future efforts will involve integrating advanced AI models on the IoT server to ana 

Figure 23: Misclassified Images during Evaluation and Real-life Tests 
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lyze historical data trends. This will allow for the development of predictive algorithms that 

can forecast disease outbreaks and recommend proactive treatment strategies, moving the sys-

tem from reactive diagnosis to predictive management. To maximize its practical utility, the 

OLIVE-CAD system could be integrated with existing agricultural management software, 

which would allow for the automated triggering of specific actions, such as dispatching alerts 

to farm managers or even controlling automated irrigation or pesticide spraying systems based 

on the diagnostic results. 
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