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Abstract

Tomato cultivation is a cornerstone of global agriculture, yet it faces significant challenges
from a variety of diseases that can drastically reduce yield and quality. Traditional methods
of disease detection, which rely on manual inspection, are labor-intensive, time-consuming,
and prone to human error. To address these challenges, this study presents an advanced,
automated system for tomato disease detection and spray prescription using an enhanced
YOLOV9 (You Only Look Once) model. By leveraging advanced deep learning techniques,
the proposed system accurately identifies and detects nine tomato leaf diseases in real-time
by making efficient, precise, and accurate decisions. This YOLOv9 model is modified for
detecting tomato leaf diseases and optimized for getting higher accuracy and efficiency.
The system automatically prescribes the spray based on detected disease, which helps
in reducing pesticide use, along with the environmental impact. This system helps in
maximizing crop health and yield. After testing the system on the test dataset and real-time
images, the results demonstrate the system’s accuracy and efficiency, achieving a detection
accuracy of 97% and spray prescription accuracy of 94%. Integrating a YOLOvV9 with a
spray prescription system provides a sustainable, cost-effective solution for managing
tomato plant diseases. Implementing this system on edge devices paves the way for more
extensive precision agriculture applications. By integrating advanced technology with
real-world agricultural needs, this work makes a contribution and a global effort to ensure
food security and ecological farming practices.
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In tomato cultivation, conventionally, disease management is totally dependent upon
the calendar-based fungicide applications, which results in ecological pollution, excessive
use of pesticides, a potential development of pathogen resistance, and an increased cost
of production [4]. According to the Food and Agriculture Organization, each year, over
2 million tonnes of pesticides are used worldwide, a remarkable portion of which is used
for tomato production systems [5]. This approach of excess usage of pesticides through
unnecessary chemical applications not only elevates the health and environmental concerns
but also imposes a significant economic burden on the farmers [6].

For implementing targeted and timely interventions, it is crucial to detect plant dis-
eases accurately in early stages. An early detection of plant disease can significantly
minimize crop losses while reducing the use of chemicals. Traditional methods of plant
disease identification involve a visual assessment by experts or laboratory analysis. These
methods are costly, time-consuming, and difficult to implement for large fields [7]. In the
early stages of plant diseases, visual identification is very complicated due to similarities
among symptoms that are caused by abiotic stresses, nutritional deficiencies, or different
pathogens [8]. These constraints often result in inaccurate diagnoses, due to which diseases
spread through the crops before proper remedies can be deployed.

To revolutionize the accurate management of plant diseases, computer vision and
Artificial Intelligence play a very important role. Due to the advancement in these fields,
outstanding opportunities have been introduced to detect and manage plant diseases
accurately and timely. In particular, Convolutional Neural Networks (CNNs) have shown
significant potential to identify visible patterns of plant pathologies across varying crop
systems [9]. In real-time agriculture applications, the evolution of deep learning algorithms,
especially the YOLO (You Only Look Once) algorithm family, has gained remarkable
attention due to its outstanding performance regarding speed and accuracy [10,11]. In early
2024, YOLOV9 was released with its significant and enhanced Generalized Efficient Layer
Aggregation Network (GELAN) architectures and innovative Generalized Efficient Layer
Aggregation Network (GELAN) architectures [12].

Current research highlights numerous approaches for detecting plant diseases. This
work started with a detailed literature survey on evolving techniques for accurate detection
of plant diseases, thus understanding the current knowledge on the subject by establishing
a foundation.

Recent advancements in deep learning, specifically the evolution of the YOLO frame-
work, have significantly enhanced the accuracy of tomato disease detection in early stages.
Most of the researchers worked on modifying the architecture of the YOLO family to
improve accuracy in detecting the early-stage symptoms and small lesions. The researchers
in [13] modified the architecture of YOLOvV8 and YOLOVY in [14]. In both works, the
authors combined the multiscale attention mechanism, the lesion-focused detection heads,
and data augmentation of specific diseases to get a higher mean average precision (mAP) by
up to 13.7%. In [15], the authors perform a comparative analysis, which further reveals that
the YOLOV9 performed better than YOLOVS, EfficientDet, and Faster R-CNN in both speed
and accuracy (94.3% mAP). Other researchers have achieved higher accuracies (88.7-93.5%)
by using architectures like ResNet-152 [16], EfficientNet [17], and MobileNetV3 [18], or by
refining Faster R-CNN for controlled environments [19].

Apart from getting higher disease detection accuracy, most of the findings focus on
the implementation of these models on resource-constrained edge devices like drones,
robotic arms, or mobile platforms. To deploy these models on edge devices in a real-
time environment, the researchers implemented quantization, pruning, and knowledge
distillation techniques on YOLOV?. By applying these compression techniques, the authors
achieved high frame rates on Raspberry Pi hardware while reducing the parameter counts

https:/ /doi.org/10.3390/automation7020036


https://doi.org/10.3390/automation7020036

Automation 2026, 7, 36

30f18

by 73%. These optimized algorithms on the edge devices, which are enhanced with
environmental sensors, ensure reliable performance by adjusting the image preprocessing
based on variable lightning and weather conditions [20,21].

Significant research tends to focus on integrating detection models into comprehensive
Decision Support Systems (DSS) and autonomous agricultural hardware. By combining
YOLO-based detection with multispectral imagery, systems can now identify subtle spectral
changes 3—4 days before visible symptoms appear, significantly reducing infection rates [22].
Integrated frameworks have been deployed via robotic sprayers [23] and drone-based
multispectral mapping [24] to enable variable-rate chemical applications. Field validation
of these systems determined that the use of pesticide chemicals was reduced by 37% when
compared to the conventional methods. This automated system can control and enhance
pest control, leading to a positive return through better crop quality and cost savings.

Despite these advances, in the domain of automated tomato disease management,
numerous critical research gaps still exist. In the most recent studies, there is a significant
advancement in tomato disease detection algorithms, but their integration with the auto-
mated spray prescription systems for detected diseases remains limited. Only a few studies
show successful integration of the detection outcomes with specific recommendations like
the type of disease and its severity, along with the environmental conditions. Most of the
proposed studies showed a high accuracy under controlled conditions, but their perfor-
mance reduced during variable field environments where there are complex backgrounds,
inconsistent light, and varying disease indications. Real-time agricultural applications,
specifically installed on edge devices, need to process the images fast enough for quick and
timely decision-making. For such applications, capturing high-resolution images becomes
a challenge in dynamic field environments to maintain the balance between computational
efficiency and detection accuracy.

In this research work, we implemented YOLOvVY for detecting and classifying nine
distinct tomato leaf diseases: “Early Blight”, “Late Blight”, “Septoria Leaf Spot”, “Leaf
Mold”, “Target Spot”, “Spider Mites”, “Yellow Leaf Curl Virus”, and “Mosaic Virus”, as well
as “Healthy” leaves. The system is integrated with an automated spray prescription module
that recommends appropriate interventions based on detected pathologies, facilitating
targeted application of crop protection products.

The main goals of this research work are as follows:

1.  To develop and validate a YOLOv9-based detection system for nine tomato leaf condi-
tions with high accuracy (>95% mean Average Precision) and real-time processing
capabilities (<50 ms per frame on standard hardware).

2. To develop an integrated system that automatically prescribes the treatment based on
the disease detected.

3. To validate the performance of the system across various conditions, like leaf angles,
complex backgrounds, and variable lighting.

4.  To evaluate the possible reduction in usage of pesticides attained using this integrated
approach as compared to the traditional calendar-based spray systems.

5. To assess the economic viability of the system through cost-benefit analysis, consider-
ing implementation costs versus savings in crop protection products and potential
yield preservation.

The novel contribution of this work includes the following;:

1.  Development of a tomato disease detection system trained with a dataset of more
than 10,000 images with variable lighting conditions, different growth stages, and
severities of nine tomato leaf diseases.

2. Integration of the tomato disease detection module with the automated spray prescrip-
tion module, which will automatically prescribe the spray based on the disease detected.
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3. Implementation of advanced data augmentation techniques and transfer learning
strategies to enhance model robustness across variable field conditions.

4.  Development of a lightweight model variant optimized for deployment on edge
computing devices.

5. Extensive field validation across multiple growing regions to assess system perfor-
mance under real-world agricultural conditions.

The organization of this research work is as follows:

Section 1 describes the introduction and background literature on the use of deep
learning applications in plant disease detection, with a specific focus on the YOLO family
and tomato pathologies. Section 2 provides a detailed description of the research flow,
along with the dataset collection and preparation, model architecture, performance evalua-
tion, and the spray prescription module. Section 3 provides the experimental results and
findings of our integrated system. Section 4 provides a detailed discussion of our findings,
comparison with existing approaches, the limitations of the system, and future research
directives. Finally, Section 5 concludes the paper.

2. Materials and Methods

This research work starts with a linear workflow for detecting and classifying the
tomato leaf diseases using the YOLOVY model and spray prescription based on the de-
tected disease. The workflow consists of the five stages, including data acquisition and
preparation, the model architecture, disease detection and performance evaluation, and
spray prescription, establishing a standardized approach for model development and
performance evaluation. This approach provides a robust and accurate solution that is
suitable for real-world precision agriculture applications. All the steps in the methodology
are interconnected, and each contributes to the overall performance of this work, as shown
in Figure 1.

Disease Detection and

R Performance Evaluation

Spray Prescription

S

Data Preparation

Y

Preprocessing
Images

Y

Data Splitting

* Bonide Liquid Copper
Early blight * Fungicides with mancozeb
Late blight or chlorothanolil
—— > S Leaf miner * Spray the leaves with spinosad

Leaf mold ¢ Calcium chloride-based sprays
Mosaic virus :> « Systemic insecticide like
Septoria dimethoate
Spider mites * Sulfur-based fungicide spray
Yellow leaf curl virus « Insecticidal soaps, horticultural
Healthy or neem oil
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Build Model - @
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Precision, Recall
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Figure 1. Research flow.

2.1. Data Acquisition and Preprocessing

Images of tomato leaves were collected from publicly available datasets (RoboFlow
Universe) and field-captured photographs using a drone camera, focused on common
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tomato diseases, including healthy leaves. The size of our dataset comprises 10,047 images
with balanced distribution across classes, as shown in Table 1. To match YOLOv9's input
requirements, the images were resized to 640 x 640 pixels. For improving the generalization,
augmentation techniques like rotation, flipping, scaling, and HSV adjustments are applied.
The dataset is divided into training (70%), validation (15%), and testing (15%) sets. The
unlabeled images, which we have obtained through a drone camera, have been labeled
using the Labellmg tool. For loading the images and labels from the repository, the
provided model automatically performs the data preprocessing for the classification tasks.
For converting the images from BGR to RGB format, OpenCV (cv2) is used, which reads the
images from the specified paths and converts them, showing consistency across the images.

Table 1. Class label plant.

Class Label No. of Images Image Size
Early Blight 3000 640 x 640 pixel
Late Blight 1200 640 x 640 pixel
Leaf Miner 1234 640 x 640 pixel
Leaf Mold 4532 640 x 640 pixel
Mosaic Virus 1234 640 x 640 pixel
Septoria Leaf Spot 432 640 x 640 pixel
Spider Mites 43 640 x 640 pixel
Yellow Leaf Curl Virus 124 640 x 640 pixel
Healthy 432 640 x 640 pixel

In the preprocessing of the data, we achieved uniform image formatting, which is
RGB format, proper organization of images along with label paths, and preparation of data
for training YOLOV9. For image preprocessing, YOLOvV9 draws bounding boxes around
the regions of interest (ROIs) within an image. For tomato disease detection in the tomato
leaves, this is considered a very important step. The process involved going through the
initial five training images and their labels. For each step, the model displayed the image
and drew a bounding box on it. To ensure these boxes were accurately placed and sized on
the actual image, the model converted their relative coordinates into absolute pixel values
using the image’s width and height.

For improving the generalization of the images and enhancing the robustness, augmen-
tation techniques like rotation, flipping, scaling, and brightness adjustments are applied
to the dataset. This strengthens the model’s generalizing power in simulating real-world
varied scenarios.

2.2. Model Architecture

A neural network is basically a computational model that is good at finding patterns
and making decisions from data. It is made up of interconnected “neurons” in different
layers that process the input data and generate output based on the input provided. There
is an input layer to get the data, a bunch of “hidden” layers that do most of the complex
thinking and transformations, and an output layer for the final result. These hidden layers
are key; the more you have, the better the network can learn intricate patterns.

z=Wa+b (1)

The equation for the input layer is given in Equation (1), where

e zisthe input passed to the activation function;
e  Wis the weight matrix for the current layer;
e  «is the output from the previous layer.
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« is the activation function (e.g., Sigmoid, ReLU, or Tanh) that processes z.
a=0(z) )

§ =W 4 p" ®)

Equation (2) shows that jj, which is the final output or the network prediction, is
calculated by operating the activation function on the weighted sum of the output of
the last hidden layer. Equation (3) defines the output using the weight matrix (W) of
the final layer and the activation output (aL~1) of the last hidden layer with the calcu-
lated bias incorporated. YOLOV9 is designed to manage complex data while providing
real-time object detection. Its configuration, including its architecture and custom data
loader, facilitates efficient image processing. By taking advantage of the underlying princi-
ples and features extracted from an autoencoder model, YOLOvV9 ensures optimal object
detection performance.

The YOLOV9 utilized consists of a default backbone (CSPDarknet), neck (PANet), and
detection head, as shown in Figure 2. The anchor boxes are modified to suit smaller leaf
lesion sizes.

Pa

....................

Multi-level Backbone
auxiliary information )

P5

- - -

Auxiliary Reversible Branch

Figure 2. Proposed YOLOvV9-based architecture.

For preparing the images for robust and efficient preprocessing, the data loader is
used for performing essential preprocessing steps, which resize the images to uniform
dimensions (128 x 128) using transforms. The data loader normalizes and resizes the pixel
values to prevent feature control.

The attention mechanisms, like (CBAM modules), are enabled for improved feature
extraction. The configuration of the model is as follows:
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The pre-trained COCO weights are used for model initialization.

Batch size: 16.

Optimizer: Adam with momentum (0.937) and weight decay (0.0005).

Learning rate of 0.01 along with cosine annealing scheduler.

No. of Epochs: 150.

Hardware: Trained on NVIDIA GPUs (e.g., RTX 3090/4090) with CUDA acceleration.

2.3. Disease Detection and Model’s Performance Evaluation

To assess the performance of the YOLO models, a performance evaluation is very
important to know about the efficiency and accuracy of the model. To assess the perfor-
mance of the YOLO models, the following key metrics are used: precision score, recall score,
mAPO0.5, and mAP0.5-0.95. The precision score measures the proportion of the positive
predictions by the model that were actually correct (the correct diseases it detected). In con-
trast, the recall score calculates the proportion of all actual diseases that the model detected
successfully. Mean Average Precision at IloU (mAP) is used to assess this performance. The
Intersection over Union (IoU) metric itself quantifies the spatial accuracy by computing
how well a predicted bounding box overlaps with the ground truth bounding box.

mAP (0.5-0.95) provides a detailed evaluation of the detection accuracy across a
range of overlap thresholds, with a higher score indicating superior performance. For
the performance evaluation of our model, we used precision, recall, F1-score, mAP (at
both IoU thresholds), and a Confusion Matrix for error visualization. Fundamentally,
mAP is the average of the Average Precision (AP) values computed across various loU
thresholds, where AP is determined by combining the Precision-Recall curve. To generate
the Precision-Recall curve, the precision and recall at various confidence levels are measured
systematically. To get an overall sense of performance, the area under this curve using a
numerical method, like the trapezoidal rule, is then approximated. The Mean Average
Precision is computed for a more robust evaluation. This includes computing average
precision across different IoU thresholds (like 0.5 or a range from 0.5 to 0.95) and then
taking the average of those AP values to calculate the final mAP score.

For disease detection of tomato leaves, the performance evaluation metrics are listed
below (4)—(7):

precision = TPTi—fFP (4)
recall = 7TP1—;—PFN ()
Fl-score = 7% T<1§ i ;{?_f_ 7P (6)
IoU = % )

where

e  FP: False Positives (incorrectly predicted positive cases).
e  TP: True Positives (correctly predicted positive cases).
e  FN: False Negatives (incorrectly predicted negative cases).

2.4. Automated Spray Recommendation Module

The spray prescription module serves as the intelligent brain of a precision agriculture
system, translating the raw output from disease detection models, such as YOLOVY, into
actionable, site-specific spraying instructions. After the YOLOv9 model accurately identifies
and localizes tomato diseases by providing bounding box coordinates, class labels, and
confidence scores, the prescription module takes over to determine what, how much, and
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exactly where to spray. In this research work, we have collected data regarding sprays used
for tomato plant treatment, as shown in Table 2.

Table 2. Spray list.

z
e

Spray
Bonide liquid copper

Use fungicides with mancozeb or chlorothalonil

Spray the leaves with spinosad

Calcium chloride-based sprays
Spraying of systemic insecticides like dimethoate

Spray the leaves with sulfur-based fungicide
Spray the leaves with insecticidal soaps, horticultural oils, or neem oil
Spray the leaves with insecticides
No spray recommendation

O XINUI = WN -

This module simply prescribes the spray based on the detected tomato plant disease.
We created a lookup table linking diseases to recommended sprays (e.g., copper-based
fungicides for bacterial spots and chlorothalonil for blight).

3. Results

This section presents experimental findings derived from applying the YOLOv9 model
for tomato plant disease detection and subsequent disease assessment, leading to spray
prescription. The performance of the trained YOLOv9 model is first evaluated, followed
by a detailed analysis and the derived practical recommendations. YOLOV9 achieved the
following evaluation metrics on the test set. YOLOvV9 underwent a detailed performance
evaluation, and the above-discussed metrics summarize its performance on the test dataset.
The normalized confusion matrix generated summarizes the performance of YOLOvV9 on
tomato leaf disease detection in Figure 3.

Confusion Matrix Normalized

1.0
Early Blight 0.01 0.01 0.02 0.06

Healthy - 0.93 0.01 0.20
0.8
Late Blight - 0.1 0.96 0.07
Leaf Miner - 1.00 0.02
0.6
° Leaf Mold - 0.95 0.01 0.14
]
]
©
o
a Mosaic Virus - 0.02 0.93 0.01 0.04
- 0.4
Septoria - 0.02 0.09
Spider Mites - 0.04
-0.2
Yellow Leaf Curl Virus - 0.01 0.34
background - 0.02 0.04 0.03 0.04 0.04 0.04 0.02 0.04
' ' ' ' ' 0 ' ' ' -0.0
o = = - © w © 0 ) °
5 £ 5 £ s 2 5 & 2 E
@ i a = z > 2 = > e
9 = =
> £ = 3 § ¥ & &5 3 £
o L] 2 -~ @ L~ Q [
S o | o a - @
= 7] © E-]
v
4
z
o
L

True

Figure 3. Confusion matrix normalized.
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This confusion matrix included nine classes with an additional “background” class.
The background class suggests that the model is detecting background (soil and back-
ground plants). The results in the confusion matrix show that our model achieves a higher
classification accuracy, as evidenced by the higher values focused on the main diagonal,
demonstrating a True Positive Rate (Recall) for each class. Particularly, the model showed
an excellent performance in detecting “Leaf Miner”, “Late Blight”, “Early Blight”, and
“Leaf Mold” with a higher recall rate. The major areas of misclassification are generally
low. However, the largest misclassification occurs for “Yellow Leaf Curl Virus”, which
is often confused with the “background”. Figures show that 34% of the time, the model
predicted the background as Yellow Leaf Curl Virus. Similarly, the “background” class itself
shows notable confusion, with 20% of true “Healthy” samples being incorrectly classified as
“background” and 34% of true “Yellow Leaf Curl Virus” being classified as “background”.
Overall, the matrix confirms that YOLOV?9 is highly effective at distinguishing between the
various specific disease types.

The YOLOvV9 model, specifically trained for the identification of diseases on tomato
leaves, demonstrated robust performance across the test dataset. Quantitative evaluation
was conducted using standard object detection metrics, including precision (P), recall (R),
and Fl-score and mean Average Precision (nAP@50). The performance of YOLOV9 is
assessed with standard segmentation metrics, including qualitative visual assessments. We
also report the robustness and efficiency of how well YOLOVY and the spray prescription
module perform together to detect disease in tomato leaves and prescribe the spray based
on disease detection.

Beyond basic testing, we thoroughly evaluated the model by using a range of IoU
thresholds, from a moderate 0.5 to a very demanding 0.95. This approach gave us a
much clearer picture of its performance, especially under conditions requiring very precise
bounding box placement. The training visualization graph in Figure 4 clearly shows the
mAP scores at these varied IoU levels, proving YOLOv9’s impressive ability to maintain
strong performance even when precise object localization is critical. Notably, YOLOv9
surpassed its predecessors, achieving an average mAP of 97% at a 0.5 IoU threshold and an
excellent 93% when averaged across the 0.5-0.95 IoU range.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
1.75
0.8 —e— results 0.925
0.7 1.50 smooth 1.21 09301 )
’ 1.25 0.925 1 0.900
0.6 1 4
1.00 1.1 0.900 0.875
0.5 4
0.75 s 0.875 0.850
0.4
0.50 0.850 0.825
0.3 0.9 1 4
0.25 0.825 0.800
0.2 4 - 0.775
0 100 0 100 0 100 0 100 0 100
val/box_loss val/cls_loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
0.65 1 0.9 1151 0.98
0.60 1 0.8 l e 0.961 0.90
0.55 1 0.7 0.94
1.05 1 0.85 1
0.50 0.6 4 0.92 1
1.00 1 4
0.45 4 0.5 1 0.90 0.80 4
0.40 1 0.4 0.95 4 0.88 4
0.75 1
v v - v v - 0.86 v v - v
0 100 0 100 0 100 0 100 0 100

Figure 4. Training visualization results.

It was good at recognizing other diseases with high accuracy, but it recognized the leaf
curl virus disease with an accuracy of 83.2%. This network showed excellent performance,

https://doi.org/10.3390/automation7020036


https://doi.org/10.3390/automation7020036

Automation 2026, 7, 36

10 of 18

as compared with both YOLOv7 and YOLOvVS8 by approximately 3—4% in terms of mAP.
Crucially, it reduced misclassification errors, a benefit particularly noticeable with diseases
that have overlapping symptoms.

Compared to earlier versions, YOLOvV9 shows an improved mAP@0.5 value, specif-
ically in handling ambiguous visual symptoms and overlapping disease patterns. Such
performance and improvements are very important to real-world agriculture applications
that require high reliability and accuracy. These metrics represent a 3—4% improvement
over YOLOvV7 and YOLOVS, proving the YOLOV9’s capabilities in both efficiency and accu-
racy. The higher mAP scores show its capability in handling challenging disease patterns
and overlapping bounding boxes, which is critical for real-world deployment.

In detecting tomato leaf diseases, YOLOv9m proves an outstanding performance
by achieving the overall accuracy of 95.8% precision, 92.4 recall, 97% (mAP50), and 93%
(mAP50-95) on a validation dataset consisting of 843 images. The inference speed recorded
per image was 13.5 ms, among which 0.3 ms was the preprocess speed, while 0.9 ms was
the postprocess speed. The efficiency of the model changed across the classes. The “Leaf
Miner” class demonstrates the highest accuracy with 99.5% at mAP50, showing a fast and
robust disease detection capability. Table 3 shows the model’s performance in more detail
by mentioning each metric with each class.

Table 3. Model performance.

Class Images Precision Accuracy =~ Recall Accuracy mAP50 mAP50-95
All 843 0.958 0.924 0.97 0.93
Early Blight 214 0.956 0.943 0.981 0.955
Healthy 76 0.926 0.874 0.927 0.87
Late Blight 238 0.985 0.944 0.982 0.948
Leaf Miner 199 0.981 0.996 0.995 0.979
Leaf Mold 211 0.947 0.901 0.969 0.927
Mosaic Virus 250 0.974 0.936 0.973 0.958
Septoria 203 0.982 0.88 0.971 0.935
Spider Mites 123 0.976 0.976 0.984 0.967
Yellow Leaf Curl Virus 152 0.896 0.87 0.946 0.832

Table 3 shows the YOLOV9 overall accuracy in detecting the tomato leaf diseases
within the dataset provided. The results show the varying performance across different
classes. The results also show that the performance of the model is outstanding on the
“Leaf Miner” class with a mAP of 97.9%, but with the “Yellow Leaf Curl Virus” class, the
model struggled by achieving a mAP of 83.2%. These results reflect the real-time capability,
which is very important in real-time application fields that require quick decision-making,
for example, disease detection or treatment prescription. The training visualization results
are shown in Figure 4, in which we must keep an eye on two main things.

The “train/box_loss” essentially tells us how “on target” our predicted boxes are.
When you see this number dropping, it is a clear sign that the model is getting much better
at accurately finding and outlining objects. Similarly, the “train/cls_loss” tracks how good
the model is at naming what it sees. If this number is also going down, it means the model
is improving its identification skills, which is crucial when its job is to spot tomato plant
diseases on leaves. The plot on train/dfl_loss adds both classification losses and box into a
single metric. A decrease in the train/dfl_loss plot shows the overall improvement in the
performance to detect objects. Due to the visual similarities between the lesion patterns
of “Septoria Leaf Spot” and “Early Blight”, misclassifications may primarily occur. The
lesions with comparable colorations, sizes, and shapes make the differentiation process
complicated. These similarities make it difficult for the model to differentiate the unique
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features of diseased leaves from one another, especially in the case of a partially damaged
leaf or overlapping environmental conditions. The validation results and the model’s
results on the test dataset are shown in Figure 5 and Figure 6 respectively.

Seploria 1.0

Figure 5. Validation results.

Figure 6. Results on the test data set.
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The performance of the model was outstanding in identifying the infected plants
with high precision and recall accuracy. For assessing the quality of tomato leaf disease
detection, the precision and recall scores for every image were determined at the pixel level.
The proportion of true positives is measured by the precision curve, while the recall curve
measures the proportion of actual positives that were correctly predicted. The precision-
recall curve was 0.98% @mAP50, as shown in Figure 7, while the F1 confidence curve,
which is 0.94%, is shown in Figure 8, reflecting the model’s ability to correctly identify the
tomato leaf diseases and reduce the false positives.

Precision-Recall Curve

1.0
0.8
0.6 1
s —— Early Blight 0.977
@ Healthy 0.930
] —— Late Blight 0.985
= bl —— Leaf Miner 0.995
—— Leaf Mold 0.970
—— Mosaic Virus 0.976
Septoria 0.971
—— Spider Mites 0.982
0.2 1 Yellow Leaf Curl Virus 0.949 |
3|l classes 0.970 MAP@0.5 |
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 7. Precision-recall accuracy @mAP50.

F1-Confidence Curve

0.6 1

s —— Early Blight
—— Healthy
—— Late Blight
—— Leaf Miner
Leaf Mold
—— Mosaic Virus
Septoria |
0.2 4 —— Spider Mites |
Yellow Leaf Curl Virus
= all classes 0.94 at 0.823

0.4 1

0.0 ; T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 8. F1 confidence curve.

After the disease is detected correctly by YOLOVY, a spray prescription module that is
integrated with the model automatically prescribes the spray based on the detected disease.
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Figure Al in Appendix A shows how the mapping between the diseases and the spray is
implemented. The spray prescription result after disease detection is shown in Figure 9
and Figure 10 respectively. The model performs well in identifying the leaf miner disease,
but it misclassifies the yellow leaf curl virus.

©: 648x648 3 Healthys, 3 Leaf Miners, 17.7ms

Speed: 3.6ms preprocess, 17.7ms inference, 1.2ms postprocess per image at shape (1, 3, 640, 648)
Results saved to runs/detect/predict?

<Figure size 1000x1000 with 1 Axes>

Detected Diseases and Spray Recommendations:
- Healthy: No spray recommendation
- Leaf Miner: Spray the leaves with spinosad it cam be an effective option a4

Figure 9. Spray prescription for leaf miner.

Late Blight 0.95

Lcte Blight 0.45

@: 646x648 4 Late Blights, 17.7ms
Speed: 1.9ms preprocess, 17.7ms inference, 1.3ms postprocess per image at shape (1, 3, 648, 648)
Results saved to runs/detect/predicts

<Figure size 1008x1000 with 1 Axes>

Detected Diseases and Spray Recommeéndations:
|- Late Blight: Spray the infected leaves with Fungicides that contain maneb, mancozeb, chlorothanolil, or fixed copper 4

Figure 10. Spray prescription for late blight.
After the overall performance, it shows that YOLOvV9 reduces the workload regarding
tomato plant disease detection because it automates the process of disease detection,

hence requiring less expertise from the expert. However, in the case of the yellow leaf
curl virus, where the model’s accuracy is reduced by misclassification, the model needs
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improvement by providing extra augmentation techniques or domain-specific features
such as spectral imaging.

4. Discussion

The application of YOLOV9 for tomato disease detection, coupled with an automated
spray prescription module, represents a significant advancement in precision agriculture.
This integrated system offers a powerful tool for timely and targeted intervention, con-
tributing to enhanced crop health, reduced chemical usage, and improved yield. Our
YOLOvV9 model demonstrated promising capabilities in accurately identifying various
tomato diseases. The architecture’s inherent strengths, such as high object detection accu-
racy and its abilities in real-time processing, are particularly well-suited for agricultural
applications where rapid diagnosis is crucial. By taking the benefits of the advanced
detection and feature extraction mechanisms of YOLOVY, the system can differentiate
between healthy and diseased plant parts, and even distinguish between different types
of diseases, often with high precision and recall. This is a considerable improvement over
traditional inspection methods that are conducted manually, which require more time and
labor cost, and are prone to human error and subjectivity. The ability to localize lesions and
identify disease types enables more precise diagnosis, which is a critical first step towards
effective management.

The seamless integration of the disease detection module with an automated spray
prescription system is a key strength of this work. Once a disease is identified by YOLOV9,
the system can automatically trigger a recommendation for the appropriate pesticide or
treatment, along with the recommended dosage and application method. This automation
streamlines the decision-making process for farmers, minimizing delays and ensuring that
interventions are applied at the optimal time.

4.1. Comparative Analysis

A comparative analysis of the past algorithms that have been employed for tomato leaf
disease detection is shown in Table 4. It summarizes each algorithm used by the authors
along with the performance metrics like precision, recall, and mAP, and the integration of
models into spray prescription for real-time applications.

Table 4. Comparison of our model with different detection models.

Approach Precision Recall mAP50 Spray Prescription
DM-YOLOV9 92.5% 86.8% 86.4% No
DMW-YOLOvVS 95.4% 83.6% 88.6% No
YOLOv8n 76.1% 77.6% 82.4% No
?f&é%& 87.2% 89.1 91.3 No
Our Work 95.8% 92.4% 97% Yes

For automated tomato leaf disease detection, these studies adopt various approaches
for developing deep learning models to enhance the accuracy of the models through
architectural improvements. Notably, by integrating the YOLOv9 model with a spray
prescription module, our study distinguishes itself, enabling real-time, automated pesticide
application. The above comparison indicates the performance of YOLOVY in different
conditions, like variant light conditions and the presence of small leaves. This comparison
also highlights the practical implications of YOLOV9 in precision agriculture. Our proposed
work has shown outstanding performance in terms of detecting tomato leaf diseases and
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automatically prescribing a spray for tomato leaves based on the detected disease. It
is important to note that other models, such as DM-YOLOvS [25], DMW-YOLOvVS [26],
YOLOVS8n [27], and BED-YOLO [28], have their merits, but this research work indicates a
comparable level of performance, as shown in Table 4. The visualization of comparative
analysis with the previous models with respect to precision, recall, and mAP metrics is
shown in Figure 11.

100

90
80
70
60
50
40
30
20
10

0

DM-YOLOv9 DMW-YOLOv8 YOLOv8n BED-YOLO Our Work

M Precision M Recall EmAP50

Figure 11. Comparative analysis with previous models based on precision, recall, and accuracy.

4.2. Limitations of Our Work

Despite the significant advantages, several limitations need to be acknowledged to
ensure a comprehensive understanding of the system’s current capabilities and future
potential. The performance of the YOLOV9 model is heavily reliant on the quality, quan-
tity, and diversity of the training dataset. The model’s accuracy might decrease when
encountering less common or atypical disease symptoms not adequately represented in
the training data. Early-stage disease detection is very challenging in every plant. Variable
environmental conditions, like variable lightning conditions (direct sunlight, shadows,
etc.), background clutter (other plants, soil, etc.), and leaf occlusion, can considerably
affect the detection accuracy in real-world field applications. The complexity of these
diverse environments may not fully be captured in the training dataset. These visual clues
(symptoms’ appearance and disease occurrence) can geographically vary due to pathogen
strains and multiple environmental factors. A model trained on data from one region might
not perform well in another region. Implementing YOLOV9 on edge devices in real-time
requires significant computational power. On edge devices, the resource constraints might
lead to a trade-off between inference speed and detection accuracy. The spray prescription
module in this research work might offer a static recommendation of spray solely based
on the disease detected. It may not dynamically adapt to other crucial factors, such as
disease severity, the specific growth stage of the tomato plant, and local weather conditions.
The cost of implementing such a system, including hardware (cameras, computing units
for edge deployment, and automated sprayers) and software development, might be very
expensive for small-scale farmers. It will be difficult for most of the farmers to operate and
maintain this system, as this system might require a certain level of technical expertise.
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4.3. Future Direction

To further enhance the robustness and utility of this system and to address the above-
discussed limitations of this system, future research work should focus on training the
model on a wider range of datasets that consist of a wider range of environmental condi-
tions, disease severities, and co-occurring diseases. Future research needs to be focused on
YOLOV9 optimization techniques while implementing resource-constrained edge devices
for real-time processing. For more dynamic and precise treatment recommendations, future
work needs to integrate real-time environmental data (temperature, humidity, and rainfall)
and the information on the plant growth stage. Additionally, before the spray prescription
module, the severity of the disease should be determined, and then the spray prescription
module should automatically prescribe the spray and quantity of spray according to the
disease severity. By addressing these points, the YOLOv9-based tomato disease detection
and spray prescription system can evolve into an even more powerful and indispensable
tool for sustainable and efficient tomato cultivation.

5. Conclusions

This research work provides a highly effective and robust system to detect tomato
plant diseases in early stages and automatically prescribe the spray prescription based
on the disease detected. This research work addresses a critical need in modern agricul-
ture. The integration of the YOLOv9-based disease detection model with the automated
spray prescription module represents a significant step forward in precision agriculture
for tomato cultivation. The system achieves a precision score of 95.8%, a recall score of
92.4%, and an impressive mAP50 of 97%, clearly demonstrating the system’s accuracy,
efficiency, and reliability in real-world agricultural applications. The ability of this sys-
tem to accurately detect diseases, along with its capacity to automatically prescribe the
spray based on detected disease, offers profound implications for sustainable and efficient
farming practices. By reducing false positives, the system aims to minimize the use of
pesticides, which is helpful in reducing the operational cost for farmers and the environ-
mental impact. This approach provides a powerful tool for farmers to make timely and
informed decisions in managing tomato plant cultivation. This research work not only
validates the effectiveness of advanced deep learning models like YOLOV9 in complex
agricultural applications but also provides a tangible solution for enhancing food security
and promoting sustainable agricultural practices. Future research could explore dynamic
spray prescription modules that adapt to environmental conditions, disease severity, and
economic factors, as well as the potential for integration with robotic platforms for fully
autonomous disease management and targeted spraying.
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Appendix A. Supplementary Technical Materials

B + XO O » = C » Code - JupyterLab (7 & tomato O =
# Import required libraries
from ultralytics import YOLO
import cv2
import numpy as np
from PIL import Image
import matplotlib.pyplot as plt

# Load the YOLOv8 model (replace wit

model = YOLO("/home/shahab/Desktop/

# Define disease-to-spray mapping
disease_spray_mapping
L

ONOWVBEWN M

# Function to detect diseases and prescribe sprays
def detect_; rescribe(image_path):
# Load the image
image = cv2.imread(image_path)
image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB) # Convert to RGB for display

original_image = image.copy()

# Perform detection using YOLOv8
results = model(image)

Figure A1l. Spray mapping logic.

The programming script in Figure A1, which is implemented in Python version 3.9
utilizing the YOLOV9 architecture, describes the technical overview of spray prescription
logic based on the detected disease. The core of the prescription mechanism is a structured
mapping dictionary, disease_spray_mapping, which links specific diagnostic indices (0-8)
to targeted treatment protocols. This script serves as a transition from computer vision
output to actionable agricultural advice.
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