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Abstract 
Timely and accurate detection of plant diseases is essential for improving crop 
yields and ensuring food security, particularly in regions like Cameroon, where 
farmers often rely on visual inspection. An approach limited by subjectivity and 
low precision. Although deep learning and precision agriculture technologies 
have advanced significantly, many models still face challenges in detecting early-
stage symptoms, especially in real-world, resource-limited environments. This 
study introduces YOLO-AgriNet, a customized object detection model built on 
the YOLOv8 architecture, optimized for plant disease detection under tropical 
and low-resource conditions. To enhance the detection of small and subtle fea-
tures, YOLO-AgriNet integrates key architectural improvements, including 
Convolutional Block Attention Modules (CBAM), Atrous Spatial Pyramid Pool-
ing (ASPP) and an additional Stage Layer 5 for finer spatial representation. The 
model was trained on a public dataset and a curated set of local images from 
plantations in Cameroon. Compared to YOLOv8, Faster R-CNN, and SSD, 
YOLO-AgriNet achieved higher performance with a mAP@0.5 of 84.5%, real-
time inference speed (45 FPS), and improved robustness in complex tropical 
conditions. It also demonstrated superior accuracy in detecting small disease 
symptoms and reduced false positives. YOLO-AgriNet provides a lightweight, 
scalable, and practical solution for real-time plant disease monitoring. Its com-
patibility with low-cost platforms like smartphones and drones makes it highly 
suitable for developing regions, enabling timely interventions and supporting 
sustainable agriculture. 
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1. Introduction 

Agriculture remains a cornerstone of the global economy, particularly in develop-
ing countries where it constitutes a major source of income and sustenance. How-
ever, agricultural productivity is constantly threatened by various biotic stresses, 
among which plant diseases are particularly harmful. Plant diseases are a major 
cause of crop loss, accounting for an estimated 10% - 16% reduction in annual 
agricultural production [1]. These diseases, caused by pathogens such as fungi, 
bacteria, and viruses, can lead to severe yield losses, jeopardizing food security and 
economic stability, especially in rural communities [2]. 

Conventional plant disease detection techniques predominantly rely on visual 
assessments conducted by farmers or agronomic specialists. While these approaches 
are straightforward to deploy in field conditions, they suffer from significant lim-
itations in terms of precision and objectivity. Recent findings indicate that visual 
diagnosis of Fusarium wilt symptoms achieves an accuracy rate of merely 40%, 
largely due to the phenotypic similarity of its manifestations with other abiotic 
stress factors such as water deficiency or nutrient imbalances [2]. In addition, vis-
ual evaluation is generally ineffective in detecting early-stage infections, as initial 
symptoms often remain imperceptible to the naked eye, thus limiting the scope 
for timely preventive actions [3]. 

To overcome these constraints, precision agriculture technologies particularly 
those integrating artificial intelligence and advanced image processing offers 
promising alternatives. In many African countries, such as Kenya, for instance, the 
use of drones equipped with multispectral sensors and deep learning models has 
resulted in a 25% reduction in yield losses in maize cultivation [4]. Such technol-
ogies are especially well-suited for adoption in low-resource environments, where 
access to agronomic expertise and infrastructure is limited but where the demand 
for scalable, data-driven agricultural solutions is increasingly critical. 

These recent years, numerous deep learning models have been proposed for 
plant disease detection, with particular emphasis on convolutional neural networks 
(CNNs) and object detection frameworks such as Faster R-CNN, SSD (Single Shot 
Detector), and YOLO (You Only Look Once) [5]-[7]. Each of these architectures 
offers specific strengths and limitations. CNNs, for instance, are well-suited for 
image classification tasks but are less effective when it comes to accurately local-
izing disease symptoms on leaves or stems. Faster R-CNN achieves high detection 
accuracy; however, its relatively slow inference time restricts its applicability in 
real-time scenarios. In contrast, SSD and YOLO are designed to strike a balance 
between accuracy and speed, making them more viable for real-time deployment. 
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Nonetheless, they often struggle with detecting small-scale objects or subtle visual 
cues, which are critical for identifying early-stage disease symptoms. For example, 
although YOLOv8 demonstrates strong overall performance, it achieves a mean 
Average Precision (mAP) of only 65% for detecting small foliar spots under real-
world conditions [8]. All these methods use a traditional image processing work-
flow which start from data acquisition passing through data preprocessing and 
identification to classification and which is depicted in Figure 1. 

 

 
Figure 1. Traditional image pre-processing techniques. 

 
To address these challenges, we propose YOLO-AgriNet, a novel object detec-

tion architecture tailored to the constraints of real-world agricultural environ-
ments in Cameroon. This model extends YOLOv8 by integrating attention mod-
ules (CBAM) and an Atrous Spatial Pyramid Pooling mechanism (ASPP) to en-
hance the detection of small, early-stage symptoms. YOLO-AgriNet is designed 
to operate effectively on low-resource devices while delivering improved precision 
and speed. 

The main contributions of this work are threefold: 
1) The design and implementation of YOLO-AgriNet, combining CBAM, ASPP, 

and an additional Stage Layer 5 to boost detection of small objects in agricultural 
imagery. 

2) A comprehensive performance evaluation comparing YOLO-AgriNet to es-
tablished models (YOLOv8, SSD, Faster R-CNN), highlighting its superior accu-
racy and efficiency under field conditions in Cameroon. 

3) A transferable methodology for adapting deep learning models to low-re-
source settings, including hyperparameter optimization, model acceleration (quan-
tization, pruning), and the use of annotated drone imagery. 

This study adopts a practical and innovative approach, delivering an efficient 
and user-friendly tool for real-time crop monitoring while advancing scientific 
knowledge. By developing an optimized deep learning model specifically de-
signed for precision agriculture in developing regions, the research fills a crucial 
gap. The findings open doors to impactful applications, such as embedding 
YOLO-AgriNet into automated monitoring platforms or farmer-centric mobile 
apps, facilitating widespread adoption in resource-limited agricultural environ-
ments. 

The rest of this document is organized as follows. Section 2 reviews recent re-
search efforts to contextualize advances in plant disease detection and identify the 
specific gaps this study aims to address. Section 3 details dataset used, the data 
preprocessing techniques applied, and the architectural modifications made to 
YOLOv8 to develop the proposed YOLO-AgriNet model. Section 4 presents the 
model’s performance, comparing it with existing approaches, with a focus on ac-
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curacy, inference speed, and adaptability to real-world agricultural conditions. Fi-
nally, we summarize the main contributions of this work and explore potential 
extensions to other crops and geographic regions in section 5. 

2. Related Works 

This study primarily addressed the automation of plant disease detection in ag-
riculture. A critical issue for many countries facing increasing food demand due 
to rapid population growth. Advances in modern technologies have significantly 
enhanced the efficiency and accuracy of disease detection in both plants and 
animals. Detection is the first step in a broader workflow aimed at controlling 
disease spread and minimizing its impact. The research emphasized detailed 
analysis of plant diseases and the application of artificial intelligence for rapid 
identification. In particular, machine learning and deep learning models have 
been employed to automate the detection process. Additionally, various datasets 
have been reviewed to support and improve outcomes for the research commu-
nity [9]. 

Recent decades have witnessed significant breakthroughs in AI-powered 
plant disease detection, a critical tool for mitigating agricultural losses in re-
gions such as Cameroon, where pathogens account for up to 40% of yield re-
ductions [2]. Moreover, a study in [10] using PlantDoc reported a 35% reduc-
tion in crop yield caused by plant diseases. Early detection of plant infections 
remains a challenge due to limited tools and insufficient knowledge. Here, we 
review the progression of detection methodologies, analyzing key innovations, 
model performance, limitations, and emerging opportunities for scalable im-
plementation. 

Deep learning methods are increasingly used in agricultural research due to 
their ability to rapidly extract high-level features and outperform traditional ma-
chine learning algorithms in both speed and accuracy [11] [12]. The introduction 
of Convolutional Neural Networks (CNNs) marked a major breakthrough in the 
field of computer vision. In 2012, Krizhevsky et al. [13] introduced AlexNet, a 
deep CNN that won the ImageNet competition with unprecedented accuracy. This 
revolutionary advancement marked the beginning of CNN applications in various 
fields, including agriculture. Following this, VGG [14] and ResNet [15] improved 
depth and learning stability, respectively. Mohanty et al. [16] leveraged these ar-
chitectures for disease classification in tomato and wheat leaves. Their model 
achieved an impressive accuracy of 99.35%, but suffered from the inability to lo-
calize infected areas, a major limitation for field diagnosis. 

To address this gap, Girshick et al. [17] introduced R-CNN, which proposed 
object detection using region proposals. Although accurate, the model was ex-
tremely slow, making it impractical for real-world use. Fast R-CNN proposed by 
Ren et al. [18] improved speed through shared computations, but it marked a turn-
ing point with its integrated Region Proposal Network (RPN). The model became 
faster while maintaining high accuracy. Faster R-CNN was applied in various ag-
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ricultural contexts, including vineyards and rice [19]. However, its high inference 
time (200 ms/image) and complexity made real-time use challenging, particularly 
in resource-limited rural areas. 

The quest for speed led to the development of single-shot models. Liu et al. 
[20] introduced the Single Shot MultiBox Detector (SSD), achieving a mean Av-
erage Precision (mAP) of 74.3% with an inference time of 125 ms. Despite its 
efficiency in standard cases like apples or soybeans, SSD failed to detect small 
objects, limiting its relevance for early-stage diseases. In parallel, Redmon et al. 
[21] proposed YOLO (You Only Look Once), capable of processing images in 
real time (45 ms). Early versions (YOLOv1, v2) were fast but lacked precision 
on fine details, restricting their application in plant disease detection. With 
YOLOv3 [22], the addition of feature pyramids enabled more robust multi-scale 
detection, making YOLO a reference solution for agricultural applications in 
real-world settings. 

To address small object detection, newer approaches emerged. Jayme [23] pro-
posed a model based on Efficient Det, using multispectral images for rice disease 
detection. Their method achieved an mAP of 72%, but remained resource-inten-
sive, hindering field deployment. Meanwhile, YOLO continued to evolve. YOLOv8 
introduced notable improvements in precision (mAP@0.5 of 65% on small leaf 
lesions, according to Wang et al. [24], but was still limited by: 

1) insufficient precision on small objects; 
2) sensitivity to environmental variations; 
3) an architecture capped at Stage Layer 4, restricting fine-detail detection. 
The unique challenges of agricultural disease detection in low-resource, tropical 

region such as complex backgrounds (soil, weeds), variable lighting conditions, 
and limited computational infrastructure have driven the development of special-
ized lightweight models. Recent studies have focused on efficiency optimization, 
robustness to noise, and real-time deployability on edge devices. 

The work of John et al. [25] reviews advanced plant disease detection methods 
remote sensing, molecular diagnostics, and machine learning improving early, ac-
curate pathogen identification and sustainable crop protection. Despite benefits, 
high costs, limited datasets, and technical complexity hinder adoption. It calls for 
affordable, diverse data and interdisciplinary approaches to enhance accessibility 
and precision agriculture. 

Zaman Abib et al. [26] introduce an automated leaf disease detection system for 
major Bangladeshi crops using YOLOv8, achieving high accuracy with a 98% mAP 
and 97% F1 score on a curated dataset of 19 disease classes. Its main contribution 
lies in demonstrating YOLOv8’s superior real-time detection capabilities, facilitat-
ing early intervention to improve crop management and food security. However, 
limitations include reliance on annotated image datasets that may not fully capture 
field variability, and the system’s deployment in real-time farm environments could 
be challenged by changing lighting conditions, occlusions, and dataset diversity, 
which may impact practical accuracy and robustness. 
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By addressing environmental challenges, Zhang et al. [27] conducted a com-
prehensive study and identified key obstacles: complex backgrounds, lighting var-
iability and hardware constraints. To mitigate these issues, the authors proposed: 
Attention mechanisms (CBAM, SE Blocks) to suppress irrelevant background fea-
tures. Multi-scale feature fusion (FPN, PANet) to improve small-lesion detection. 
Data augmentation with synthetic shadows to enhance robustness to lighting 
changes. Their lightweight EfficientNet-B3 variant achieved 68% mAP on maize 
disease datasets, but struggled with occluded leaves (mAP drop of 15% under 
heavy occlusion). 

Research has shifted toward efficient models deployable on low power de-
vices. Khan et al. [28] developed Agri Mobile Net, a quantized CNN achieving 
62% mAP on Raspberry Pi, while Singh et al. [29] pruned ResNet-18 by 60% 
with minimal accuracy loss. YOLO variants (e.g., YOLOv8-nano) now dominate 
real-time applications, with less than 2W power consumption. For tropical re-
gions, attention mechanisms (CBAM, Transformers) mitigate background 
noise, improving recall by 12% - 15%. Multispectral imaging and GAN-aug-
mented datasets address data scarcity, boosting mAP by 18% for rare diseases 
[30]. 

To better understand the evolution and effectiveness of different approaches in 
image-based plant disease detection, we present a comparative analysis of selected 
state-of-the-art methods. Table 1 summarizes key studies based on their method-
ology, dataset used, detection performance, and computational suitability. This 
comparison highlights the shift from conventional convolutional neural networks 
(CNNs) to lightweight and real-time deep learning models, with increasing atten-
tion to deployment on resource-constrained devices such as mobile phones and 
edge devices. 

 
Table 1. Comparative analysis of plant disease detection approaches. 

Ref Year Methodology Dataset Accuracy/mAP Size/Device 

[16] 2016 CNN (Alex Net, Google) 
Plant Village  

(Tomato, Wheat) 
99.35% (classification) High-end GPU 

[17] 2014 
R-CNN (Region proposals + 

CNN) 
General object  

detection 
High accuracy, slow 

inference 
Large model 

[18] 2015 Faster R-CNN 
Vineyards, rice  

images [19] 
High accuracy,  

200 ms/img 
Resource-heavy 

[20] 2016 
SSD (Single ShotMulti  

Box Detector) 
Apples, soybeans 74.3% mAP, 125 ms Medium 

[21] 
[22] 

2017-2018 
YOLO v1-v3 (real-time  

detection) 
Various (agricultural  

settings) 
Real-time, improved 

small-object detection 
45 ms/img 

[23] 2019 
Efficient Det + Multi-spectral 

Imaging 
Rice disease images 72% mAP Resource-intensive 

[24] 2024 YOLOv8 Leaf lesion dataset 65% mAP@0.5 – 
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Continued 

[25] 2023 
Agri Mobile Net (Quantized 

CNN) 
Custom Raspberry  

Pi dataset 
62% mAP 

Deployed on  
Raspberry Pi 

[29] 2024 Pruned ResNet-18 (60%) – Slight accuracy drop Lightweight 

[30] 2025 
Multispectral +  

GAN-augmented dataset 
Rare disease cases +18% mAP gain Edge deployable 

 
Based on the literature reviewed, plant disease detection in agriculture has 

seen significant advancements driven by the development of deep learning mod-
els, particularly convolutional neural networks and object detection frameworks 
such as YOLO, SSD, and Faster R-CNN. These approaches have improved ac-
curacy and speed, enabling real-time monitoring; however, they face notable 
limitations when applied in resource-constrained environments typical of de-
veloping regions. Challenges such as detecting small or early-stage symptoms, 
environmental variability, complex backgrounds, and hardware limitations per-
sist, restricting the effectiveness and practicality of many existing models. Re-
cent research efforts have focused on integrating attention mechanisms, multi-
spectral imaging, and model optimization techniques like pruning and quanti-
zation to enhance robustness and deploy ability. Nonetheless, many solutions 
remain resource-intensive or lack adaptability to diverse agricultural condi-
tions, highlighting a gap in models that are both lightweight and highly accurate 
in complex, real-world settings. Addressing these gaps requires developing tai-
lored, resource-efficient architectures that can operate reliably under tropical 
and low-resource conditions, facilitating timely interventions and sustainable 
crop management. 

3. Materials and Methods 

 
Figure 2. Overview of plant desease detection process. 
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This section presents our proposed solution and outlines the methodology 
used to implement it. The process follows a structured pipeline: starting with 
data collection and preprocessing, moving through model architecture setup 
and training, and concluding with performance evaluation and results visuali-
zation. The heart of our approach is Yolo AgriNet, a custom model built on the 
YOLOv8 framework. 

In the first phase, we detail the techniques used to collect, clean, and prepare 
the dataset for training and testing. Next, we construct the Yolo AgriNet architec-
ture by adapting and extending YOLOv8 to our specific agricultural use case. We 
then train the model using the prepared dataset. Finally, we evaluate its perfor-
mance using key metrics such as training and validation accuracy, precision, and 
F1-score. An overview of our methodology is shown in Figure 2. 

3.1. Data Overview and Preparation 

For this research, the dataset used is Plant Doc [10], which consists of a collection 
of annotated images of diseased plants captured in natural environments. This 
makes it an ideal reference for developing a detection system in the field of preci-
sion agriculture. 

The dataset includes a total of 2,569 high-resolution images of diseased plants, 
taken under natural conditions. These images represent 13 plant species, including 
tomato, grapevine, maize, apple tree, among others. Each image was manually an-
notated to highlight the identified diseases, with bounding boxes drawn around the 
affected areas. This annotation process resulted in 8,851 labeled instances, covering 
30 disease categories. An overview of these data is shown in Figure 3. 

 

 
Figure 3. Number of leaf per plant. 

 
The creation of the dataset required over 300 human hours of image collection 

and manual annotation. Unlike similar datasets such as Crop Deep and Deep-
Weeds, Plant Doc is publicly available and freely accessible to deep learning re-
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searchers, making it a valuable resource for advancing research in plant disease 
detection. 

In addition to the public dataset, we collected 200 images of various crops using 
a smartphone camera, ensuring that the number of images per crop reflected the 
same proportional distribution as in the public dataset. To address class imbal-
ance, data augmentation techniques such as brightness and contrast adjustment, 
flipping, and rotation were applied to underrepresented classes to improve model 
generalization. The final dataset was split into 70% for training, 15% for valida-
tion, and 15% for testing. 

Data preprocessing was performed to optimize the model’s performance. The 
following steps were applied: resizing all images to a uniform resolution of 100 × 
100 pixels to standardize model input; normalizing pixel values to a [0,1] range to 
accelerate convergence during training; and processing the provided annotations 
to generate segmentation masks and bounding boxes, which served as ground 
truth for training the model. This resolution was motivated by the fact that it bal-
ances accuracy and speed, enabling efficient, real-time detection on low-power 
devices. It preserves essential lesion features with minimal accuracy loss (+1.2% 
mAP vs. higher resolutions) while reducing computational demands, making it 
ideal for resource-limited agricultural applications. This process is illustrated by 
Figure 4. 

 

 
Figure 4. Data preprocessing process. 

 
The dataset, however, presents a limitation due to varying weather conditions 

during data collection such as sunlight and humidity which can affect the quality 
of images. To mitigate these issues, data augmentation techniques were applied, 
including brightness and contrast adjustments, to help normalize the images and 
enhance model robustness. 

This the data collection and preprocessing steps ensured high-quality, well-
annotated input suitable for training a robust plant disease detection model. 
These steps (resizing, normalization, and annotation processing) were essential 
for improving model accuracy and generalization in real-world agricultural sce-
narios. 

3.2. Our Proposed Model: Yolo-AgriNet 

YOLOv8, is widely recognized for its balance between accuracy and speed, making 
it a popular choice for real-time object detection applications. However, in the 
specific context of plant disease detection, YOLOv8 exhibits several notable limi-
tations, including: 

1) Difficulty detecting small objects and fine details, which are crucial for early 
disease identification; 
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2) Sensitivity to lighting and background variations, common in real-world ag-
ricultural environments; 

3) An architecture limited to Stage Layer 4, which restricts its ability to capture 
finer spatial features. 

To overcome these challenges, we propose YOLO-AgriNet, an optimized ver-
sion of YOLOv8 that incorporates targeted architectural enhancements, including 
Convolutional Block Attention Modules (CBAM), an Atrous Spatial Pyramid 
Pooling (ASPP) module and the addition of a Stage Layer 5 in the backbone. These 
improvements aim to enhance small object detection, increase the model’s robust-
ness, and better tailor YOLO-AgriNet to the specific needs of precision agricul-
ture, particularly in resource-constrained settings such as those found in Came-
roon. 

 

 
Figure 5. YOLOv8 architecture. 
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To better understand the improvements of YOLO-AgriNet, we will first present 
the internal structure of YOLOv8. In fact, YOLOv8 features a streamlined archi-
tecture composed of three main components: the Backbone, Neck, and Head. The 
Backbone is responsible for extracting visual features from input images using a 
combination of convolutional layers and CSP (Cross Stage Partial) modules to 
improve efficiency and gradient flow. The Neck, typically built with a Feature Pyr-
amid Network (FPN) or Path Aggregation Network (PAN), fuses features at mul-
tiple scales to enhance object detection at various sizes. The Head performs final 
detection by predicting bounding boxes, class probabilities, and objectness scores. 
YOLOv8 also integrates anchor-free detection, improving performance on small 
and irregular objects. This structure is depicted in Figure 5. 

3.3. The Backbone 

The backbone of YOLO-AgriNet has been extensively modified to extract fea-
tures with a specific focus on fine details, which are crucial for the early detection 
of plant diseases. The main architectural enhancements include: 

 

 
Figure 6. Optimization of the YOLOv8 Architecture. 

 
1) Focus Operation: The first block applies a Focus operation that slices the 

input image (100 × 100 × 3) into four sub-images. This reduces computational 
complexity while preserving fine-grained information, which is critical for iden-
tifying early disease symptoms. 

2) C2f_Att Modules: These modules combine multi-scale residual connections 
(C2F) with an attention mechanism (CBAM). CBAM (see Figure 6(a)) consists 
of two sub-modules: 

3) Channel Attention: Computes channel importance using global pooling fol-
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lowed by a Multi-Layer Perceptron (MLP). 
4) Spatial Attention: Determines spatial importance using a 7 × 7 convolution. 
These modules enable the model to focus on critical regions while ignoring 

complex backgrounds. 
5) Addition of Stage Layer 5: Unlike YOLOv8, which stops at Stage Layer 4, 

YOLO-AgriNet introduces an additional Stage Layer 5. This extra layer helps cap-
ture features at even finer spatial resolutions, enhancing the detection of small 
objects and subtle details such as early leaf spots. 

6) Atrous Spatial Pyramid Pooling (ASPP): The final block integrates an 
ASPP module (see Figure 6(b)) to capture contextual information at multiple spa-
tial scales. This technique improves the detection of early symptoms by combining 
features at various resolutions. 

3.4. The Neck 

The Neck of YOLO-AgriNet is designed to efficiently fuse multi-scale features 
extracted by the backbone. The key modifications include: 

 

 
Figure 7. Achitecture of YOLO-AgriNet. 

 
1) Top-Down Fusion: High-level features are up-sampled and fused with inter-
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mediate and low-level features, enabling the model to capture fine details while 
preserving global context. 

2) Bottom-Up Fusion: The fused intermediate features are down-sampled and 
merged with higher-level features, enriching the global representation and im-
proving detection accuracy. 

3) C2f_Att Modules: Each fusion stage is followed by a C2f_Att module to en-
hance critical regions and suppress complex backgrounds. An essential capability 
in agricultural environments where backgrounds often vary significantly. 

3.5. The Head 

The Head of YOLO-AgriNet has been optimized to produce accurate and robust 
predictions. The main modifications include: 

1) CBAM Module: An attention mechanism (CBAM) is integrated to help the 
model focus on critical regions such as small leaf spots while reducing false posi-
tives. 

2) Anchor Optimization: The anchor boxes used for bounding box prediction 
have been fine-tuned to better match the sizes and shapes of objects found in ag-
ricultural images. This adjustment enhances the accuracy of disease localization. 

The architecture of YOLO-AgriNet, illustrated in Figure 7, incorporates all the 
modifications described above. Compared to YOLOv8 (Figure 5), YOLO-AgriNet 
stands out through the addition of Stage Layer 5, the integration of CBAM and 
ASPP modules, and an overall optimization of the Neck and Head to better ad-
dress the specific needs of precision agriculture. 

3.6. Other Optimization Strategies 

To meet the demands of precision agriculture, where computational resources are 
often limited, several acceleration techniques were applied, as illustrated in Figure 
8. These include: quantization, where the model’s weights and activations were 
converted to FP16 format to reduce model size and speed up computation; and 
pruning, which involved removing redundant or low importance connections 
within the neural network to reduce the number of parameters without signifi-
cantly affecting performance. 

 

 
Figure 8. Quantization and pruning process. 
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A systematic search (grid search) was conducted to optimize the key hyper-
parameters of YOLO-AgriNet. The adjusted hyperparameters include: 

1) Learning rate: Tested within a range from 1e−4 to 1e−2. 
2) Batch size: Evaluated at 8, 16, and 32. 
3) Number of epochs: Varied between 100 and 300 to prevent overfitting. 
4) Loss weighting: Tuned to balance localization, classification, and confidence 

losses. 
This process is illustrated in Figure 9. 
 

 
Figure 9. Hyperparameter grid search process. 

 
From this section, it can be seen that our proposed model optimizes the YOLOv8 

model firstly in the backbone by adding one more stage. Secondly, in the Neck 
and the Head and finally by doing some acceleration techniques such as hyperpa-
rameter optimization, quantification, and pruning. The next section presents the 
environmental setups for our simulations. The overall process is depicted by Al-
gorithm 1. 

3.7. Environmental Setups 

For the development and training of YOLO-AgriNet, the following frameworks 
and tools were used: 

1) PyTorch (version 1.12): The primary framework for implementing and train-
ing the model, selected for its flexibility and compatibility with modern object de-
tection architectures. 

2) Ultralytics YOLOv8 (version 8.0): Used for the base implementation of 
YOLOv8 and performance comparison. 

3) NumPy (version 1.23) and Pandas (version 1.5): Utilized for data manipula-
tion and numerical computations. 

4) Matplotlib (version 3.6) and Seaborn (version 0.12): Employed for visualiz-
ing results and performance metrics. 

The training and evaluation of YOLO-AgriNet were conducted on two ma-
chines: 

1. Main machine: 
1) Processor: Intel i7-10750H (6 cores, 12 threads) 
2) GPU: NVIDIA GTX 1660 Ti (6 GB dedicated memory) 
3) RAM: 16 GB DDR4 
4) Storage: 512 GB SSD 
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This configuration was used for model training and intensive testing. 
2. Secondary machine: 
1) Processor: 11th Gen Intel Core i5 (8 cores) 
2) RAM: 8 GB DDR4 
3) Storage: 1 TB HDD 
This machine was used for preliminary tests and validation experiments. 
The tests for YOLO-AgriNet were designed to simulate real-world usage con-

ditions within the context of precision agriculture. The model’s performance was 
evaluated on the dataset presented in section 3.1. The tests included evaluations 
under various environmental conditions such as lighting variations, shadow pres-
ence, and complex backgrounds to ensure the robustness of the model in real life 
scenarios. 

To ensure the reproducibility of results, the development environment was 
encapsulated within an Anaconda virtual environment, with specific versions 
of all required libraries. The source code, hyperparameters, and training scripts 
will be made publicly available on a code-sharing platform (GitHub). The da-
tasets used, along with their annotations, will also be released under an open 
license (CCBY 4.0). A requirements.txt file and an automated installation 
script will be provided to enable other researchers to easily reproduce the ex-
periments. 

In addition, Table 2 summarizes the hyperparameter choices for better re-
producibility. In summary, the model was trained using a step-decay learning 
rate schedule, similar to cosine annealing, to enable fast initial convergence fol-
lowed by fine-tuning. SGD with momentum = 0.9 and weight decay = 0.0005 
was selected for its robustness in object detection. A batch size of 16 balanced 
memory and gradient stability, while 200 epochs ensured convergence without 
overfitting. Loss weights (λ coord, λ obj) were tuned to prioritize accurate 
bounding box regression while maintaining balanced classification perfor-
mance. 

 
Table 2. Final hyperparameters used for training YOLO-AgriNet. 

Hyper-parameter Value/Choice Justification 

Learning Rate 
0.01 (decay rate  

γ = 0.1) 
Selected after grid search (1e-4 to 1e-2). 

The decay stabilizes convergence. 

Learning Rate 
Schedule 

Step decay (similar to 
cosine annealing) 

Gradual reduction of the learning rate 
improves convergence and prevents 

overshooting. 

Optimizer 
SGD (momentum = 

0.9, weight  
decay = 0.0005) 

Chosen for stability and good  
generalization in object detection tasks. 

Batch Size 16 
Determined after testing 8, 16, and 32; 

balances GPU memory usage and  
convergence stability. 
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Continued 

Epochs 200 
Provides sufficient training without 

overfitting, as confirmed by validation 
loss trends. 

Loss Weights λcoord = 5, λobj = 1 
Tuned to prioritize bounding box  

localization while balancing  
classification accuracy. 

4. Results and Discussions 

This section presents the results obtain from the simulations. During this simula-
tion process, we evaluate YOLO-AgriNet model on aspects like global performances, 
efficiency, robustness, detection on small objects, the impact of the CBAM and 
the ASPP modules. 

4.1. Global Performances of YOLO-AgriNet 

To evaluate the efficiency of YOLO-AgriNet, comparative tests were conducted 
against YOLOv8, Faster R-CNN (ResNet-50), and SSD (MobileNetV3), using the 
same dataset and experimental conditions. The following key performance met-
rics were measured: mAP@0.5: Mean Average Precision at an IoU threshold of 0.5 
(standard criterion for agricultural applications), mAP@0.5:0.95: Mean Average 
Precision averaged over IoU thresholds ranging from 0.5 to 0.95 (a more rigorous 
academic metric) and FPS: Frames per second processed on an NVIDIA GTX 
1660 Ti GPU. The results obtained are summarized in Table 3. 

 
Table 3. Overall performance comparison. 

Model mAP@0.5 mAP@0.5:0.95 Recall F1-Score FPS Size (MB) 

YOLO-AgriNet 84.5% 65.3% 78.8% 83.1% 45 14.2 

YOLOv8 65.2% 50.1% 68.4% 66.7% 60 12.8 

Faster R-CNN 85.1% 64.9% 70.2% 75.8% 12 120.5 

SSD 58.7% 45.3% 62.1% 60.2% 80 18.6 

 

From these global results, we can easily conclude that: 
1) YOLO-AgriNet outperforms YOLOv8 in terms of mAP@0.5 (+13.3%) and 

recall (+7.4%), thanks to the integration of CBAM and ASPP modules, which en-
hance small object detection and robustness to lighting variations. 

2) Although Faster R-CNN achieves a slightly higher mAP@0.5 (+3.6%), its in-
ference time is 3.75 × slower (12 FPS vs. 45 FPS), making it unsuitable for real-
time applications. 
3) While SSD is fast (80 FPS), it exhibits significantly lower accuracy (−19.8% 
mAP@0.5 compared to YOLO-AgriNet), due to its limitations in detecting small 
objects. 
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Algorithm 1. Build Yolo-AgriNet model. 

 
 
As shown in Figure 10(a), YOLO-AgriNet achieves an AUC (Area Under the 

Curve) of 0.84, compared to 0.68 for YOLOv8 and 0.85 for Faster R-CNN. This 
curve confirms its superior balance between precision and recall. 

The comparison in Figure 10(b) highlights the trade-off between speed and 
accuracy, with SSD offering high inference speed but significantly lower precision 
than YOLO-AgriNet. YOLO-AgriNet falls within the high-accuracy, real-time 
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quadrant, outperforming existing models designed for deployment in resource-
constrained settings and developing countries. 

 

 
Figure 10. Optimization of the YOLOv8 Architecture. 

 
From Figure 11(a), we can see that the validation metrics show steady improve-

ment across. Precision consistently outperforms recall, indicating better accuracy 
in positive predictions. Recall, while initially lower, catches up over time, reducing 
false negatives. The F1-score closely follows the two, suggesting balanced perfor-
mance. The convergence around epochs 15 - 20 reflects the stability and maturity 
of the model, suitable for deployment. 

 

 
Figure 11. Comparison of precision, recall, F1 and mAP. 

 
The graph in Figure 11(b) shows consistent improvement in Precision, Recall, 

and mAP. Precision increases rapidly and remains the highest, suggesting strong 
accuracy in predictions. Recall improves steadily, reducing false negatives. The 
mAP curve, while smoother and more gradual, indicates stable gains in overall 
detection performance. This trend reflects a well-generalizing model, with in-
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creasing robustness and effectiveness across training. 
 

 
Figure 12. Training and validation loss. 

 
As shown in Figure 12(a), the training loss consistently decreases, dropping 

from approximately 0.82 to near zero. This indicates effective learning and con-
vergence of the model, with minimal overfitting or training instability. The sharp 
decline in early epochs, followed by gradual reduction, suggests efficient optimi-
zation and proper learning rate tuning. 

4.2. Small Object Detection 

A specific analysis was conducted on objects smaller than 32 × 32 pixels (early leaf 
spots, partial symptoms). The results are presented in Table 4. From the table, we 
can notice that text it YOLO-AgriNet improves small object detection by + 24.6% 
in mAP@0.5 compared to YOLOv8, demonstrating the effectiveness of the Stage 
Layer 5 and ASPP in capturing fine details. Also, False positives are reduced by 
46.7% compared to YOLOv8, confirming that CBAM helps ignore complex back-
grounds. 

The validation loss as illustrated in Figure 12(b) shows a generally decreasing 
trend, indicating effective learning. Although there are fluctuations, the overall 
reduction from 0.8 to 0.1 suggests the model is improving and converging well. 
The fluctuations could stem from natural variability in validation data or minor 
overfitting, but they don’t impede the downward trajectory. The final loss near 0.1 
is strong, demonstrating good generalization. To further stabilize training, con-
sider adjusting the learning rate or adding regularization. Overall, the results are 
promising, with clear progress across epochs. 

 
Table 4. Performance on small objects. 

Model mAP@0.5 Recall False Positives/Image 

YOLO-AgriNet 78.2% 69.5% 0.8 
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Continued 

YOLOv8 53.6% 55.1% 1.5 

Faster R-CNN 68.9% 60.3% 0.9 

SSD 42.1% 48.7% 2.2 

4.3. Training Efficiency 

The impact of optimization techniques (quantization, pruning) is summarized in 
Table 5. 

 
Table 5. Training time and resource consumption. 

Model Training Time (h) GPU Memory (GB) CPU Utilization (%) 

YOLO-AgriNet 8.2 4.1 62 

YOLOv8 7.8 3.9 60 

Faster R-CNN 14.5 8.7 85 

 
The main key point of these results is that YOLO-AgriNet converges 43% faster 

than Faster R-CNN, thanks to hyperparameter optimization and a streamlined 
architecture. We can also notice that GPU memory consumption remains mod-
erate (4.1GB), enabling deployment on low-cost devices. 

To evaluate the impact of input image resolution on detection accuracy and 
inference speed, an ablation study show in Table 6 was conducted using three 
resolutions: 100 × 100, 224 × 224, and 320 × 320. The goal was to determine 
whether increasing resolution significantly improves small-lesion detection while 
assessing its effect on real-time performance. 

 
Table 6. Ablation study on input image resolution for YOLO-AgriNet. 

Resolution mAP@0.5 (%) Small-lesion mAP@0.5 (%) Inference Speed (FPS) 

100 × 100 84.5 81.3 45 

224 × 224 85.4 82.2 28 

320 × 320 85.7 82.5 18 

 
The results show that increasing the resolution slightly improves overall and 

small-lesion detection accuracy (≈+1.2%mAP@0.5 when moving from 100 × 100 
to 320 × 320). However, this gain comes at the cost of a substantial drop in infer-
ence speed, from 45 FPS at 100 × 100 to only 18 FPS at 320 × 320. Given the need 
for real-time, low-cost deployment on resource-constrained devices, 100 × 100 
resolution was chosen as the best trade-off between accuracy and efficiency. 

4.4. Analysis and Discussion 

From the above results, we can firstly give the analysis that the Atrous Spatial Pyr-
amid Pooling module enhances multi-scale lesion detection by aggregating fea-
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tures from various receptive fields (dilations of 6, 12, 18, and 24 pixels). For in-
stance, in vascular lesion detection, ASPP enables the model to capture fine linear 
patterns along leaf veins, achieving a mAP@0.5 of 68%, compared to 49% without 
ASPP, where 35% of such lesions are missed. Additionally, integrating Stage Layer 
5 allows the extraction of higher-resolution features. 

Additional tests were conducted on a subset of 200 images collected in Douala, 
facing typical tropical challenges. Under variable lighting conditions, YOLO-
AgriNet maintains a mAP@0.5 of 82%, outperforming YOLOv8 (62%), due to dy-
namic color normalization applied during preprocessing, which mitigates overex-
posure effects. In the presence of complex backgrounds including weeds and crop 
residues, the model maintains robust performance (mAP@0.5 = 82%). The inte-
gration of the CBAM attention mechanism reduces background interference by 
21% compared to YOLOv8. 

This study highlights three major contributions to plant disease detection in 
tropical environments. Architecturally, the joint integration of CBAM and ASPP 
into YOLOv8 significantly improves detection accuracy (mAP@0.5 + 13.3 points, 
p < 0.01) while maintaining real-time inference speed (45 FPS). The addition of 
the Stage Layer 5 enhances the detections of small object. In summary, our results 
are consistent with prior research in two key aspects. 

4.5. Error Analysis 

Despite the strong overall performance of YOLO-AgriNet, three main failure 
cases were observed: 

1) Misclassification of visually similar symptoms: Diseases with overlapping 
color and texture patterns, such as fungal and bacterial leaf spots, were sometimes 
confused. 

2) Reduced accuracy under extreme lighting: Overexposed or underexposed 
images decreased the model’s ability to detect small or early-stage lesions. 

3) Limited performance for rare diseases: Classes with few training samples 
showed lower recall and precision, even after data augmentation. 

To mitigate these issues, future work could involve incorporating multispectral 
or hyperspectral imaging, attention mechanisms to enhance feature discrimination, 
and collecting more samples of rare disease classes. Additionally, domain-specific 
augmentation could further boost performance on underrepresented classes. 

5. Conclusions and Suggestions 

This study introduced YOLO-AgriNet, an innovative plant disease detection archi-
tecture tailored to the constraints of agricultural systems in Cameroon. The pro-
posed approach contributes on three key fronts. First, from an algorithmic perspec-
tive, the integration of CBAM and ASPP modules into the YOLOv8 backbone led 
to a 19.3% increase in mAP@0.5 while maintaining real-time performance at 45 
FPS. This enhancement specifically addresses the challenge of detecting small le-
sions, with a 21% improvement in mAP for objects smaller than 32 × 32 pixels. 
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Secondly, from a practical standpoint, the model demonstrates exceptional com-
patibility with low-cost devices, achieving 32 FPS on an Android smartphone with 
a memory footprint under 500 MB. Field tests indicate a 60% reduction in opera-
tional costs compared to existing cloud-based solutions. Additionally, our transfer 
learning strategy, which combines a public dataset with 200 locally annotated im-
ages, provides a reproducible framework for adapting the solution to other Afri-
can agricultural contexts. 

However, certain limitations remain, such as reduced generalization for rare 
diseases (mAP@0.5 of 41%), lower performance on heavily occluded leaves, and a 
dependency on smartphone image quality. Future work will focus on extending 
the system to other critical crops such as cocoa and cassava, optimizing it for ultra-
low-cost edge devices like Raspberry Pi, and developing a collaborative data col-
lection platform. The integration of low-cost multispectral data, semi-supervised 
learning methods, and early warning systems linked to weather data are also prom-
ising directions. Large-scale validation, currently underway across five regions of 
Cameroon, represents the next crucial step in confirming the transformative im-
pact of this technology on regional food security. 
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