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ABSTRACT: Plant disease is a silent threat to global food security and agriculture; the 

only way to manage plant diseases effectively is through accurate and timely diagnosis. 

State-of-the-art manual inspection methods are Labor-Intensive and prone to error. In 

contrast, the few existing automated deep-learning methods struggle with reduced 

accuracy due to the automatic extraction of superfluous background information and a 

loss of interpretability. Most state-of-the-art models studied complete leaf images, 

ignoring localized disease regions, making them less robust and practical. In this paper, 

we present FocusNet-LDD, a ROI-aware deep learning framework designed to narrow 

the gaps with state-of-the-art Region of Interest (ROI) extraction, attention mechanisms, 

and sequential feature modelling, thereby improving plant disease detection. The 

proposed methodology utilizes YOLOv8 and U-Net architectures to target the areas 

occupied by diseased leaves, thereby minimizing background noise and concentrating on 

features associated with the symptoms. The classification model utilizes CBAM to enable 

spatial and channel-wise attention features, followed by a Transformer encoder that learns 

contextual representations to support the classification of discrete disease classes across 

various image acquisition settings. FocusNet-LDD leverages a dual-direction dilated 

convolution framework to enhance the representation ability of image features, incurring 

only a minor increase in time and space costs. This is demonstrated through extensive 

experiments on benchmark datasets, which show that it achieves the best overall accuracy 

(98.79%) compared to the baseline and more recent state-of-the-art models. Ablation 

studies validate the contribution of each module,  and Grad-CAM visualizations also 

provide explainability by highlighting which disease-relevant regions drive predictions. 

The high accuracy,  interpretability, and robustness of the proposed framework might 

pave the way for it to become a real-world tool for timely disease diagnosis of crops and 

appropriate decision-making. Its modular architecture also enhances its integration within 

precision agriculture systems and mobile platforms that can operate under low-resource 

conditions, promoting sustainable crop management and mitigating yield losses. 

 

1. INTRODUCTION 

Global agricultural productivity and food security are significantly impacted by plant diseases, which in turn result in billions of 

dollars in annual economic losses. The conventional disease diagnosis process relies on visual inspection, which is labor-

intensive, time-consuming, and prone to errors due to biases and a lack of expertise. Recent developments in computer vision 

and deep learning have enabled the creation of automated systems for plant disease detection based on leaf images, which 

represent a promising approach to addressing these challenges. Recently, features via Convolutional Neural Network (CNN) 

and transfer learning methods have been widely used [1], [2],  improving the accuracy dramatically. Most existing methods 

analyze the entire leaf images, including the background regions, which can introduce noise and reduce classification accuracy. 
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Additionally, numerous models are not interpretable, hampering their potential use by agronomists and farmers who demand 

transparent decision-making tools. 

These limitations necessitate the development of new deep learning frameworks that not only focus on regions affected by 

disease but also provide explainable results. In this research, we propose FocusNet-LDD, the first comprehensive ROI-aware 

deep learning model that explores advanced region of interest (ROI) extraction, attention, and sequential feature modeling to 

improve the accuracy and interpretability of disease classification. The dataset for ROI extraction utilizes YOLOv8 and U-Net 

COD to exclude the background and only keep the disease symptoms. Convolutional Block Attention Module (CBAM) to 

refine spatial and channel-wise feature representations, and a Transformer encoder to collect contextual information and 

improve generalization over different conditions. 

The main contributions of the paper are the creation of an ROI-conscious classification pipeline, which greatly outperforms 

the traditional full-image methods, an add-on explainability choosing Grad-CAM visualization that contributes to the human 

interpretation, and detailed ablation studies that quantify the effect of every new component. The experimental findings show 

performance on benchmark datasets, which confirm the strength of the offered framework and its practical use in precision 

agriculture. 

The paper is divided into the following way: Section 2 provides a review of related work, outlining the recent progress, and the 

gaps in the research. Section 3 specifies the proposed FocusNet-LDD approach, including a description of the system 

architecture and model design, and training protocols. Section 4 reports the experimental findings, which comprise quantitative 

assessments, ablation studies, and explainability studies. Section 5 will address the findings of the study, limitations, and the 

implications in general. Lastly, Section 6 provides the paper closure and discusses the directions of future research to increase 

the model's generalization and deployment viability. 

2. RELATED WORK 

Recently, deep learning and hybrid models have achieved great progress in the field of plant disease detection. The agrarian 

parameters incorporated by Elavarasan and Vincent [1] into a reinforced random forest to predict yields showed the potential 

of hybrid learning systems in agriculture. It was shown that a deep learning tomato plant classifier, which is trained on tomato 

leaf images, has a greater classification accuracy (Islam and Habiba [2] N et al. Transfer learning to predict rice disease, as 

presented by [3] highlight the benefits of pre-trained models. In [4] Thangararaj et al. also used deep CNNs to detect tomato 

diseases automatically, and in [5], a detection framework, DLDPF, built with transfer learning was presented. To regulate rice, 

Shrivastava and Pradhan [6] developed an operative learning method where color characteristics are used. Sanath Rao et al. 

Deep learning with precision agriculture [7] De Vita et al. Optimized Edge Deployment with Dynamic K-means Compression 

transforms [8]. Paymode et al. CNNs were used in tomato disease classification [9] and [10] leaf segmentation: SPEDCCNN 

for leaf segmentation [10]. 

A Novel Deep Neural Network-Based Framework to Detect Tea Leaf Diseases [11] suggests that it is possible to use a deep 

neural network-based framework in the context of the real-life plantation, as the algorithm is most efficient in such areas. 

Dahiya et al. A comparative analysis of the different deep learning architectures in detecting plant leaf diseases is made in [12], 

where the study has found that the deeper the model, the better the model. Umamageswari et al. An Advanced Deep Learning 

Approach for Identification and Classification of Multi-Leaf Diseases. Jackulin and Murugavalli [14] presented a comprehensive 

overview of different machine learning and deep learning solutions to plant disease detection, summing up the key issues and 

perspectives on further developments. Sanath Rao et al. Precision farming has been applied in grape and mango disease 

detection using transfer learning as reported in [15]. To achieve a better representation of features, dense convolutional neural 

networks (CNNs) have been used to detect the multiclass of plant diseases [16]. Yadav et al. Deep learning in the classification 

of bacteriosis in peach leaves with high precision. Li et al. [17] Approaches to Plant Disease Detection by Deep Learning: A 

Review [18] Atila et al. EfficientNet is more efficient and more accurate than the old methods [19] used to detect leaf diseases. 

Abed et al. [20] utilized deep learning techniques applicable to the robot vision systems in identifying bean leaf disease, to 

perform autonomous field diagnosis. 

Sujatha et al. [21] performed a comparative analysis between deep learning and classical machine learning models in detecting 

plant leaf disease and concluded that deep learning models are always superior to classical models Algani et al. [22] suggested 

an optimized deep learning model, which increased the performance of the classification using hyperparameter optimization 
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and model optimization. Ahmad et al. [23] have provided a literature survey of deep learning methods to diagnose plant diseases, 

including a design consideration to be used in practice. Panchal et al. [24] used deep convolutional networks to detect plant 

diseases in high-resolution leaf images in an automated fashion. The authors of the article by Moupojou et al. [25] presented 

the FieldPlant dataset that allows the training and testing of deep learning models on the images of plants that were captured 

in the fields, thus enhancing their resilience. Shovon et al. [26] designed a powerful ensemble deep learning approach named 

PlantDet, a multi-architectural framework that leverages various architectures to improve the detection precision. According to 

Kotwal et al. [27] the development of deep learning in the identification of plant diseases started with traditional methods. A 

high-performance architecture was developed by Shewale and Daruwala [28] to detect plant leaf diseases early. Nikith et al. [29] 

suggested a CNN-based model to classify common leaf diseases, and Ahmad et al. [30] also discussed the issue of generalization 

of deep learning models in controlled and field settings. Table 1 provides a comparative overview of current plant disease 

detection algorithms, focusing on deep learning and its drawbacks, and its applicability to ROI-conscious classification. 

Table 1: Summary of Deep Learning Methods for Leaf Disease Detection 

Authors and Year Approach Technique Used Limitation/Gaps Relevance to Proposed Work 

Habiba & Islam 

(2021) [2] 

Leaf image 

classification 

CNN-based deep 

learning 

Lacks ROI-focused 

learning, trained on full 

images 

Supports deep learning for disease 

classification 

N et al. (2021) [3] Transfer 

learning for 

rice diseases 

ResNet with fine-

tuning 

No spatial attention or 

ROI isolation 

Motivates pre-trained feature 

utilization 

Thangaraj et al. 

(2020) [4] 

Tomato 

disease 

detection 

Transfer learning 

with deep CNN 

Does not use attention or 

segmented inputs 

Highlights CNN's success without 

interpretability 

Vijaykanth Reddy 

& Rekha (2021) [5] 

DLDPF 

Framework 

Transfer learning 

with 

augmentation 

Focuses on model depth, 

ignores disease 

localization 

Shows the potential of pre-trained 

models 

Yuan et al. (2021) 

[10] 

Leaf 

segmentation 

for the disease 

area 

SPEDCCNN 

with encoder-

decoder 

Segmentation only, lacks 

the entire classification 

pipeline 

Supports the ROI segmentation 

module 

Atila et al. (2020) 

[19] 

Efficient leaf 

classification 

EfficientNet 

model 

Trained on the entire 

image, lacks spatial 

attention 

Demonstrates lightweight yet 

practical CNN models 

Abed et al. (2021) 

[20] 

Automated 

bean disease 

detection 

CNN in robot 

vision 

The general model lacks 

ROI preprocessing 

Shows real-time potential with 

lightweight models 

Aboelenin et al. 

(2025) [32] 

Hybrid 

detection 

framework 

CNN + Vision 

Transformer 

No explicit ROI 

integration or Grad-CAM 

explainability 

Inspires attention-based 

architecture design 

  

3. MATERIALS AND METHODS 

 The section describes the datasets, system architecture and experimental protocols that were used in this study. It outlines the 

LeafFocusAI architecture, such as the ROI extraction using YOLOv8 and U-Net. This FocusNet-LDD model architecture 

incorporates attention mechanisms and a training strategy comprising of data preprocessing and augmentation. This part 

provides the basis of reproducible and sound plant disease detecting experiments. 
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3.1 Overview of the LeafFocusAI System 

Which, according to the awareness of the Region of Interest (ROI), is a deep learning-based modular framework of precise and 

interpretable leaf disease detection of the LeafFocusAI system. Figure 1 shows that the system works in a pipeline mode with 

leaf images being firstly pre-processed before being taken through a region of interest (ROI) extraction block. It is an important 

module, which determines the regions of the leaf that are affected by the disease and offers a more specific analysis as 

background noise is minimized and feature detection that can be used to make a diagnosis is maximized. Following the 

extraction of ROI using either bounding box-based detection (YOLOv8) or pixel-level segmentation (U-Net), the background-

sealed area is introduced to the ROI-based classification framework, FocusNet-LDD. This model is specially designed to 

compute only the disease-specific image region and give predictions on the classification by a combination of convolutional 

and attention layers. A grad-cam-based explainability module that produces visual heatmaps that enhance the classification 

result by demonstrating the areas within the ROI that guided the model to make the prediction. 

 

Figure 1: LeafFocusAI System Architecture for Automatic Leaf Disease Detection Using ROI-Aware Classification 

The flexibility of the system is made possible through its modularity allowing other components (detection models and classifier 

backbones) to be integrated or replaced and allows the system to be adapted to additional field setups and crops. The application 

of ROI-awareness takes advantage of the shortcomings of the common leaf disease classification systems by applying it to 

entire images, including unwanted backgrounds, which brings about reduced accuracy and interpretability. The LeafFocusAI 

improves the quality and interpretability of classification through prioritizing the model on the areas of the disease, which is 

why the model can be practically used in the process of agricultural diagnosis and decision-making. Table 2 shows the 

mathematical symbols and notations in the LeafFocusAI and FocusNet-LDD models. 

Table 2: Notations Used in the LeafFocusAI System and FocusNet-LDD Model Architecture for ROI-Aware Leaf Disease 

Detection 

Notation Description 

𝐼 Original input leaf image 

𝐼𝑅𝑂𝐼  Region of Interest (ROI) image extracted from 𝐼 

𝐼′ Augmented image obtained via transformation 𝑇(. ) 

𝑇(∙) Data augmentation transformation function 
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𝐵 

= (𝑥, 𝑦, 𝑤, ℎ) 

Bounding box coordinates from YOLO-based ROI detection 

𝑀 Binary mask output from U-Net segmentation for pixel-level ROI 

𝐼𝑚𝑎𝑠𝑘𝑒𝑑 Masked ROI image computed via pixel-wise multiplication 

𝐹1 Feature map output from the last convolutional block 

𝐴𝑠 Spatial attention map generated from the attention module 

𝐹𝑎 Attention-weighted feature map after applying 𝐴𝑠 

𝑦̂ Predicted probability vector for 𝐾  classes (softmax output) 

𝑦 Ground truth one-hot encoded label vector 

𝑐∗ Final predicted class index obtained via 𝑎𝑟𝑔𝑚𝑎𝑥 𝑦̂𝑖 

𝛼𝑘
𝑐 Importance weight for feature channel 𝑘 for class 𝑐  in Grad-CAM 

𝐴𝑘 Activation map of the 𝑘𝑡ℎ channel in the final convolutional layer 

𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐  Grad-CAM heatmap for class 𝑐 

𝜃 Model parameters updated during training 

𝜂 Learning rate used by the optimizer 

ℒ Loss function (categorical cross-entropy) 

 

3.2 Dataset Description and Preprocessing 

The Data that the present study uses to train and test the proposed LeafFocusAI. the publicly available PlantVillage data, 

containing more than 50,000 images, is called framework. of both healthy and diseased crop leaf among 14 crop species and 38 

classes of diseases [8]. Images – 256x256 RGB controlled background. Within the scope of this work, only courses with 

sufficient samples were considered for model training to ensure balanced representation. 

However, multiple preprocessing steps were performed on the images before they were introduced into the FocusNet-LDD 

model. All images were resized to a single resolution of 224×224×3, the dimension expected by the deep learning model as 

input. Finally, after dividing each pixel color channel by 255, the pixel values are then normalized to the range of [0, 1]. This 

normalization facilitates convergence and stability during training. To promote generalization, we applied data augmentation 

using a series of stochastic transformations, including random rotation (±20 degrees), horizontal and vertical flipping, zoom 

(15%), brightness adjustment, and cropping. Let 𝐼 ∈ ℝ224×224×3 be the original image, the augmented image 𝐼′  is obtained as, 

where is the transformation function as in Eq. 1.  

𝐼′ = 𝑇(𝐼)                              (1) 

Where 𝑇 consists of several random geometric and photometric transformations that preserve the label. Class balancing was 

also carried out by studying the distribution of disease classes along with augmentation. If the classes were highly imbalanced, 

oversampling of the minority was done to prevent bias in learning. Additionally, concerning the ROI-aware pipeline, an 

automated Region of Interest (ROI) extraction module based on the YOLOv8 and U-Net architectures was applied for each 

image. The extracted ROI during ROI extraction provides a bounding box or a segmentation mask, which is applied over the 

original image to obtain a focused crop or masked input with only the diseased region highlighted. FocusNet-LDD then applies 

this ROI-aware input towards downstream feature learning and classification. 

The dataset was finally split using stratified sampling to ensure that class distribution was maintained across the subsets while 

it was divided into training, validation, and test sets; with a ratio of training: validation: test = 70:15:15. We strictly used the 
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same preprocessing steps for either dataset, where all preprocessing functions were performed by Augmentations and OpenCV 

Python libraries, making it easier for reproducibility between trainings. 

3.3 ROI Extraction Module 

The LeafFocusAI system consists of a Region of Interest (ROI) extraction module which focuses on disease-affected areas of 

the leaf image prior to classification, improving the accuracy and interpretability of the model. Given the raw input image 

acquired, this module uses a specific detection or segmentation model to localize regions that show symptoms of the disease. 

We explore two methods, as illustrated: a bounding-box-based ROI detection method employing YOLOv8 and a pixel-based 

segmentation method using U-Net. 

The second image-level 𝐼 ∈ ℝ224×224×3 method is based on YOLOv8 which is passed through a pre-trained object detection 

model and outputs a bounding box 𝐵 = (𝑥, 𝑦, 𝑤, ℎ) (where and are the coordinates of the top left corner, 𝑤, ℎ are the width 

and height of the detected region). Where we obtain the ROI image 𝐼𝑅𝑂𝐼  as in Eq. 2.  

𝐼𝑅𝑂𝐼 = 𝐼[𝑦: 𝑦 + ℎ,  𝑥: 𝑥 + 𝑤]                       (2) 

Subsequently, this ROI crop is scaled to the desired input dimension of the model, maintaining the label in the process. In the 

other segmentation-based method using U-Net, the network outputs a binary mask 𝑀 ∈ {0,1}224×224 where 𝑀𝑖,𝑗 = 1 

indicates the presence of disease at pixel location (𝑖, 𝑗). The ROI image with mask is calculated by Eq. 3.  

𝐼𝑚𝑎𝑠𝑘𝑒𝑑 = 𝐼 ⊙ 𝑀                  (3) 

Where ⊙ denotes pixel-wise multiplication across all RGB channels. It effectively eliminates the background, but retains the 

areas relevant to the disease. 

The purpose of both methods is to point to the symptomatic areas, but the granularity is different. While the bounding box 

method is fast, the segmentation one is more accurate in localization. The final cropped or masked images after ROI extraction 

are then passed on to be classified by the FocusNet-LDD model. The modular preprocessing shrinks learning algorithm's 

target by eliminating irrelevant leaf parts, which is effective in improving the classification result. 

3.4 FocusNet-LDD: ROI-Aware Deep Learning Model  

FocusNet-LDD Model, shown in Figure 2, is a region of interest (ROI) aware CNN ROI deep learning architecture capable 

of leaf disease classification with a focused examination on the most diagnostically relevant areas of the input image. It takes 

images boosted with ROI (crops using bounding boxes or masks using segmentation maps) as input and passes them through 

a customized convolutional neural network infused with attention. 

 

Figure 2: Architecture of FocusNet-LDD, the ROI-Aware Deep Learning Model Integrating Attention for Robust Plant 

Disease Classification 

 

ROI Cropped Image 

(from YOLO/U-Net) 

Conv + ReLU + MaxPool 

Conv + ReLU + MaxPool 

Spatial Attention 

(CBAM / SE) 

LSTM / Transformer 

Encoder 

Flatten → Dense → Dropout Softmax → Predicted Class 
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Let 𝐼𝑅𝑂𝐼 ∈ ℝ224×224×3 represent the ROI image. The image is then passed through multiple blocks of convolution, batch 

normalization, ReLU activation and max-pooling operations. These layers retrieve a feature map 𝐹1 ∈ ℝ𝐻×𝑊×𝐶 from input, 

with, 𝐻, 𝑊, and 𝐶 and representing the spatial dimensions and the number of channels, respectively, for low- to high-level 

hierarchical features. 

In order to increase the attention of the model onto the disease-specific areas, a spatial attention module is added after the last 

convolutional block. It generates a spatial attention map 𝐴𝑠 ∈ ℝ𝐻×𝑊 from global average and max pooling over channels with 

a convolution and a sigmoid activation function. The feature map 𝐹𝑎 is computed · scaled using attention weight as in Eq. 4.  

𝐹𝑎 = 𝐴𝑠 ⊗ 𝐹1                     (4) 

⊗ denotes the channel-wise multiplication vector via broadcast mechanism. This behaviour then reinforces spatial areas likely 

to be indicative of the disease. Next, the pre-trained CNN extracts attention-refined features, which are flattened and fed into 

fully connected layers for high-level abstraction. To avoid over fitting we apply dropout regularization. In the end, in the 

output layer, softmax function is used to obtain the class probabilities, 𝑦̂ ∈ ℝ𝐾  with being the number of disease classes. Where 

𝐾 the class predicted  is given by Eq. 5.  

𝑐∗ = 𝑎𝑟𝑔 max
𝑖

𝑦̂𝑖                         (5) 

Overall model is trained using categorical cross-entropy loss, optimised by Adam with a scheduled learning rate. Critically, the 

ROI inputs and spatial attention are combined in FocusNet-LDD to dramatically increase the model localization and 

classification capacity of subtle disease features for robust, interpretable predictions. 

3.5 Training Strategy 

FocusNet-LDD is trained such that it can learn the disease-specific patterns that exist in the ROI-improved leaf images keeping 

good generalization ability and robustness. YOLOv8based cropping is used to extract the relevant regions of interest (ROIs), 

and U-Netbased masking is used to mask the foreground and background binary images of the image dataset, after which the 

model is trained in a supervised manner on both the ROI images 𝐼𝑅𝑂𝐼 ∈ ℝ224×224×3. A one-hot label vector  𝑦 ∈ {0,1}𝐾 , 

where 𝐾 is the number of disease classes, is assigned to each input image. We use a categorical cross-entropy loss as our 

optimization loss function, given by Eq. 6.  

𝐿 = − ∑ 𝑦𝑖𝑙𝑜𝑔 (𝑦̂𝑖)
𝐾
𝑖=1                            (6) 

Where 𝑦̂𝑖 is the predicted probability for the class, 𝑖, and 𝑦𝑖  is the ground truth label. This loss function used as an objective 

function assigns a much higher penalty to class predictions that are not for the correct class, especially those classes that are 

predicted with high confidence, and this loss function is especially useful for multi-class classification problem. 

Adam optimizer is used with initial learning rate of, 𝜂 = 1 × 10−4 then it is adjusted adaptively with the cosine annealing 

schedule while training the model. I use a batch size of 32 and the number of epochs is set to 100, and I implement early 

stopping based a validation loss to prevent overfitting. To further regularize the dense layers, dropout at 0.5 has been added. 

Stratified sampling is used to split data into training (70%), validation (15%) and testing (15%) sets. The model parameters are 

then adjusted by running backpropagation and gradient descent for each training epoch to minimize the loss function as in Eq. 

7.  

𝜃𝑡+1 = 𝜃𝑡−𝜂 ⋅ 𝛻𝜃ℒ                          (7) 

Here 𝛻𝜃ℒ   stands for loss function gradient with model parameters. And the one with best validation performance is saved 

and later used for testing. Experiments were performed on a NVIDIA GPU (e.g., RTX 3080, 16GB VRAM)-based computer 

with deep learning framework (PyTorch). To ascertain the reproducibility of results, all experiments were conducted in triplicate 

and the mean performance metrics were reported. We leverage these factors to train the FocusNet-LDD model for ROI-aware 

plant disease detection with a focus on maximizing its accuracy and stability while also ensuring. 
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3.6. Explainability and Visualization 

The model framework encompasses explainability on predictions of FocusNet-LDD with look into the parts using Gradient-

weighted Class Activation Mapping (Grad-CAM). This approach assists in observing which spatial regions in the input ROI 

image are mostly accountable for the outcomes of the final decision made by the model. The goal is to make sure that the 

model not only achieves high accuracy through classification but also grounds its predictions in semantically meaningful disease-

impacted regions such that we can reduce model opacity and provide end-users with trust and transparency. 

Grad-CAM is used on the final convolutional layer of the FocusNet-LDD model for a specific input image 𝐼𝑅𝑂𝐼 . Let be the 

activation map of the 𝑘𝑡ℎ feature channel, and 𝑦𝑐 the output score (before softmax) for class 𝑐 as follows: Spatially- 𝐴𝑘 

averaged gradient 𝑦𝑐 importance weight 𝛼𝑘
𝑐 for each channel is computed as in Eq. 8.  

𝛼𝑘
𝑐 =

1

𝐻⋅𝑊
∑ ∑

𝜕𝑦𝑐

𝜕𝐴𝑖𝑗
𝑘

𝑊
𝑗=1

𝐻
𝑖=1                            (8) 

The Grad-CAM heatmap 𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐  is then calculated as: ReLU where w denote a weighted summation of activation maps 

as in Eq. 9.  

𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐 = 𝑅𝑒𝐿𝑈(∑ 𝛼𝑘

𝑐
𝑘 𝐴𝑘)                    (9) 

The unsampled portions of this heatmap are then overlaid on the original image ROI input so that we can pinpoint which 

regions place a higher effect on our model. In the qualitative analysis we visualize various prediction cases including both 

examples that were correctly and incorrectly classified. For every ROI input, its Grad-CAM overlay and the predicted class are 

included in the visualizations. The visualizations thus indicate that FocusNet-LDD attends predominantly to regions of the 

images that are known to be affected by disease, which suggests ROI-awareness of the model and supports its suitability for 

practical use. 

The explainability outputs are useful in the agricultural context, e.g., domain experts (i.e., agronomists or farmers) can implement 

to confirm the rationale supporting the prediction. This visualization does not only contribute to the understanding of models, 

but also provides feedback that can be used to enhance the extraction of ROI or training strategies as needed. 3.7 Proposed 

Algorithm The proposed algorithm provides the step-by-step workflow of the LeafFocus AI system, which uses the FocusNet-

LDD model. It incorporates preprocessing, ROI extraction, attention-based classification, and explainability. Isolating disease-

relevant regions prior to learning features improves accuracy and interpretability of the algorithm, thereby making it applicable 

to accurate detection of plant diseases in real agricultural diagnostic applications. Workflow: ROI-Aware Leaf Disease Detection 

with LeafFocusAI and FocusNet-LDD: The algorithm is presented in Algorithm 1. 

Algorithm 1: ROI-Aware Leaf Disease Detection using LeafFocusAI and FocusNet-LDD 

Input: Leaf image 𝐼 

Output: Predicted disease class 𝑐∗ 

Resize 𝐼 to 224×224 and normalize pixel values 

1. Apply data augmentation transformation 𝑇(∙) to obtain 𝐼′  = 𝑇(𝐼) 

2. Extract ROI: 

 a. If using YOLOv8: detect bounding box 𝐵 = (𝑥, 𝑦, 𝑤, ℎ)  crop 𝐼𝑅𝑂𝐼  = 𝐼′[𝑦: 𝑦 + ℎ, 𝑥: 𝑥 + 𝑤] 

 b. If using U-Net: generate mask 𝑀 , compute 𝐼𝑅𝑂𝐼  = 𝐼′⨀𝑀 

3. Resize 𝐼𝑅𝑂𝐼  to 224×224 

4. Feed 𝐼𝑅𝑂𝐼  to FocusNet-LDD model 

5. Extract feature maps 𝐹1 through convolutional layers 

6. Generate attention map 𝐴𝑠, compute 𝐹𝑎  = 𝐴𝑠⨂𝐹1 

7. Flatten 𝐹𝑎 and pass-through dense layers 
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8. Compute softmax output 𝑦̂  ∈ ℝ𝑘 

9. Predict class 𝑐∗  = 𝑎𝑟𝑔 max
𝑖

𝑦̂𝑖 

10. Apply Grad-CAM on 𝐹1 to generate 𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐  for visual explanation 

11. Return 𝑐∗ and 𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐   

Algorithms: ROI-Aware Leaf Disease Detection with LeafFocusAI and FocusNet-LDD in Algorithm 1.  

The entire workflow of ROI-aware leaf disease detection in the LeafFocus AI system with FocusNet-LDD model will be 

described in Algorithm 1. It starts with the acceptance of a raw leaf image, and is pre-processed with resizing, normalization, 

and augmentation to standardize and diversify the input. One of the Region of Interests (ROI) is then identified either by 

bounding box detection with YOLOv8 or segmentation with U-Net, emphasizing the model on the diseased areas and ignoring 

background noise. The image with improved ROI goes to FocusNet-LDD, which makes features with the help of convolutional 

layers and optimizes them by making use of spatial attention mechanism that highlights salient patterns that relate to the disease. 

Such attention-weighted features are flattened and run through fully connected layers, resulting in probabilities of SoftMax 

classes. The last predicted disease class is determined by the selection of the highest probability. To be interpretable, Grad-

CAM is used on the final convolutional layer to produce a heatmap of visual explanation, indicating the areas that contributed 

to the classification. The algorithm is accurate, as well as transparent in detecting plant diseases. 

The evaluation plan will be aimed at comprehensively evaluating the classification capacity, strength, and ROI-consciousness 

of the suggested FocusNet-LDD model incorporated into the LeafFocusAI system. The test set is the proportion of the data 

we hold out of the training and validation to assess unbiased performance. To measure the effects of the ROI extraction, we 

test the model on ROI-enriched inputs and complete original images. Some of the performance measures that are employed in 

evaluation are accuracy, precision, recall, F1-score, and area under ROC curve (AUC). We let TP, TN, FP, and FN denote the 

True Positives, the True Negatives, the False Positives, and the False Negatives. The measurements could be determined as in 

Eq. 10 using Eq. 13. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                          (10) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
                         (11) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2⋅𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                       (12) 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅) 𝑑𝐹𝑃𝑅
1

0
                        (13) 

Where TPR is the true positive rate and FPR is the false positive rate. These metrics gives you balanced review about 

correctness and sensitivity for multi-class classification with unbalance data. Each experiment is repeated for three different 

random seeds (for the initialization of the neural network), mean and standard deviation of the metrics are reported to ensure 

the reliability of the results. Furthermore, we calculate precision and recall metrics for individual classes to reveal trends in per-

class performance and assist in determining confusion between visually similar diseases. 

We carry out ablation studies to assess the impact of the use of ROIs, those of attention modules, and the variants in 

architecture on the final performance. We also compare with baseline models (i.e. VGG16, ResNet50 and MobileNetV2) trained 

on entire images, demonstrating the importance of the ROI-aware approach, and show results of FocusNet-LDD. Statistical 

significance testing (paired t-tests) is used to confirm the improvements of the proposed method where appropriate. This 

evaluation scheme allows a thorough and reproducible assessment that demonstrates the model capability for practical 

deployment as part of precision agriculture and for real-time monitoring systems of diseases. 

4. EXPERIMENTAL RESULTS 

This part is the experimental analysis of the proposed LeafFocus AI system and FocusNet-LDD model. It has the description 

of the training setup, performance measures, comparative analysis with the baseline models, ablation studies of ROI and 
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attention modules, and explainability findings. The experiments confirm the usefulness of ROI-conscious learning in enhancing 

the classification accuracy and model interpretability to detect plant diseases. 

 

Figure 3: Sample of the PlantVillage Dataset that shows Sample Leaf Images of various crop species and disease types that 

can be used to train the models. 

The example in Fig. 3, which is part of the PlantVillage dataset, provides a variety of leaves of multiple crop species and a 

variety of diseases, including bacterial, fungal, and healthy. We use these labelled samples for model training and testing of 

FocusNet-LDD. The data heterogeneity and the visual appearance of the dataset are crucial to creating a robust and 

generalizable plant disease classifier.  

4.1 Experiment Set-up:  

The tests that were carried out to evaluate the proposed system, LeafFocusAI, were done on a computer with Ubuntu 20.04, 

NVIDIA RTX 3080 (16 GB VRAM), an Intel core i9, and 64 GB of RAM. The code was run in Python 3.9 with PyTorch 

1.13.1 and CUDA 11.6 to accelerate it with GPUs. The other libraries that we used were OpenCV to preprocess images, 

Albumentations to augment the data and Matplotlib to visualize the results.  

A stratified sampling method was used to divide the training dataset into 70/15/15 training, validation and testing respectively. 

Each of the input images was reduced to 224x224 pixels and brought to the range of [0, 1] in the entire RGB color space. 
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Training was done with data augmentation based on random rotations (±20 degrees), flips, zoom (up to 15%), brightness 

variations, and random cropping. The model was trained using 32 batch size and early stopping using validation loss to prevent 

overfitting.  

FocusNet-LDD model was trained using Adam optimizer with starting learning rate of η=1x10 -4, which was cut by half every 

5 consecutive epochs that the model did not improve its validation loss. Learning rate was based on cosine annealing and 

dropout (rate = 0.5) was performed on dense layers to regularize. Multi-class classification was done with the categorical cross-

entropy loss function. All of the experiments were conducted three times using various random seeds, and the average and 

standard deviation of the performance measures were published to ascertain uniformity of the findings.  

All hyperparameters were set with the help of a YAML-based configuration file to facilitate reproducibility, including learning 

rate, optimizer type, batch size, augmentation strategy, ROI extraction method (YOLO or U-Net), and attention module 

(CBAM or SE). The prototype application was packaged into a modular pipeline, which has distinct preprocessing, region of 

interest (ROI) extraction, classification, and visualization stages. All modules are invokable either through command-line 

parameters or a notebook interface, allowing easy integration and configuration. Grad-CAM visualization method was adopted 

by inserting hooks into the final convolutional layer and the outcomes were stored on each test image to aid the interpretability 

analysis. Code, trained weights, and configuration files are in a version-controlled repository in order to aid external replication.  

4.2 Quantitative Results  

The LeafFocusAI system model with a proposed ROI-conscious FocusNet-LDD framework was tested on a stratified test set 

that gauges the usefulness of the model in the multi-class plant disease classification. Standard classification metrics, such as 

accuracy, precision, recall, F1-score, and the Area Under the Receiver Operating Characteristic Curve (AUC) were used to 

evaluate the performance. The model was highly generalized in disease classes, with a general accuracy of 98.79 suggesting that 

it is robust and reliable when used in the real-world agricultural diagnosis setting.  

The aggregated performance metrics is shown in Table 3. The model was very precise and recalls high, highlighting that it was 

able to detect diseased areas and reduce false prediction. The AUC of 99.42% also indicates that the model has a very high-

class separability. 

Table 3: Overall Performance Metrics of FocusNet-LDD (ROI-Aware Input) 

Metric Value (%) 

Accuracy 98.79 

Precision 97.86 

Recall 97.42 

F1-Score 97.63 

AUC 99.42 

 

Per-class analysis was done to assess class-specific performance. The precision and recall of a representative subset of the classes 

are listed in Table 4. The findings suggest a stable model performance on various types of diseases, including the visually similar 

ones. 

Table 4: Class-Wise Precision and Recall 

Class Label Precision (%) Recall (%) 

Tomato Bacterial Spot 98.4 97.9 

Potato Late Blight 96.7 95.8 

Apple Scab 99.2 98.6 
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Corn Rust 97.1 96.5 

Grape Black Rot 98.0 97.2 

 

A comparative analysis was done to determine the effect of ROI-awareness. FocusNet-LDD was trained and tested on both 

original full images and ROI-enhanced inputs obtained via segmentation and detection. As illustrated in Table 5, the ROI-

sensitive version worked better than the full-image one in all the measures, which confirms the importance of isolating disease-

relevant regions. 

Table 5: Comparative performance: Full Image vs. ROI-Aware Input (FocusNet-LDD) 

Metric Full Image (%) ROI-Aware (%) 

Accuracy 93.24 98.79 

Precision 91.50 97.86 

Recall 92.03 97.42 

F1-Score 91.76 97.63 

AUC 96.18 99.42 

 

To benchmark FocusNet-LDD against existing deep learning architectures, models such as VGG-16, ResNet-50, and 

MobileNet-V2 were trained using the same ROI-enhanced input pipeline. Their findings, shown in Table 6, indicate that 

FocusNet-LDD is always better than these baselines in all measures of evaluation. 

 

Figure 4: Training and valid dynamics of the FocusNet-LDD model on 100 and above. Epochs, Showing Constant 

Convergence and top generalization. 

Figure 4 shows the training and validation accuracy curve of the FocusNet-LDD. model over 100 epochs. The curves exhibit 

a smooth convergence with little gap, which means. good generalization and effective learning. The accuracy of the validation 
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is a consistent track of training. accuracy, with an approximation of about 98, which will affirm the model strength and stability 

in processing ROI-sensitive leaf disease classification problems. 

 

Figure 5: Training and Validation Loss Dynamics of the FocusNet-LDD Model Over 100 Epochs, Indicating Stable 

Optimization and Minimal Overfitting. 

Figure 5 shows the training and validation loss curves of FocusNet-LDD model. over 100 epochs. In both curves, there is a 

steady and smooth downward trend, with slight deviation. suggesting effective convergence and regularization. The high level 

of correspondence between training and validation loss ensures the stability, robustness and overfitting resistance of the model 

even in the presence of. Leaf disease classification that is ROI aware. 

 

Figure 6: Confusion Matrices of VGG16, ResNet50, MobileNetV2, and FocusNet-LDD Showing Class-Wise Prediction 

Accuracy for Leaf Disease Classification 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1510 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

To obtain the results of the class-wise prediction, confusion matrices of VGG16, ResNet50, MobileNetV2. and FocusNet-

LDD in detecting leaf disease are shown in Figure 6. FocusNet-LDD maximizes the diagonal to a minimum number of 

misclassifications. In comparison, baseline Off-diagonal values are significantly greater in models, indicating that confusion 

between classes. is much more likely to occur. This shows the better discriminative power of the proposed ROI-aware model. 

Table 6: Model Comparison Using ROI-Aware Inputs 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

VGG16 94.12 93.05 92.68 92.86 96.90 

ResNet50 95.38 94.10 93.72 93.91 97.81 

MobileNetV2 94.87 93.21 92.94 93.07 97.14 

FocusNet-LDD 98.79 97.86 97.42 97.63 99.42 

 

Moreover, Receiver Operating Characteristic (ROC) curves were produced of the key disease. visualize model discrimination 

capability with classes. The curves are always of AUC. values of 99.9% and above, attesting to the near-perfect boundaries of 

classification. Figure 7 illustrates the ROC curves of five sample classes that each exhibit steep gains in accurate. good rates and 

with low false positives. 

 

Figure 7: ROC Curves for Selected Plant Disease Classes Showing Model Discrimination Ability Across Different True 

Positive and False Positive Rates 

All these findings prove that a combination of ROI-oriented preprocessing and FocusNet-LDD (attention-based modeling) 

achieves significant improvements in predictive. performance, separation of classes and strength relative to traditional full-

image and baseline CNN architectures. 
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Figure 8: Comparative Performance of FocusNet-LDD and Baseline Models (VGG16, ResNet50, MobileNetV2) 

Figure 8 shows the comparative performance analysis of the proposed FocusNet-LDD in detail. model compared to three 

popular baseline deep learning models: VGG16, ResNet50 and MobileNetV2- in five different evaluation measures: Accuracy, 

Precision, Recall, F1-Score, and AUC. This figure is meant to indicate the effectiveness of ROI-aware and. attention-combined 

method of FocusNet-LDD to the automatic leaf disease detection. 

In the subplot (a), Accuracy, FocusNet-LDD has the best accuracy of 98.79%. when compared to ResNet50 (95.38%), 

MobileNetV2 (94.87%) and VGG16. (94.12%). This shows that the model is superior in the accurate classification of disease. 

when given ROI-enhanced inputs, classes. 

Subplot (b) Precision depicts that FocusNet-LDD involves 97.86 that means less false. has a higher level of positives and better 

class confidence as compared to the others, followed by ResNet50 and MobileNetV2. at 94.10% and 93.21%, respectively. 

The FocusNet-LDD has a precision of 97.42, once again, in the third column (c), Recall. coming on top, which implies that it 

is able to take on the actual disease cases and not omit the subtle characteristics. This is particularly imperative when it comes 

to real-time disease monitoring. systems where failure of crops can be caused by under-detection. 

Subplot (d), F1-Score, which is a precision recall balance, reaffirms the consistency of. FocusNet-LDD scored 97.63, which is 

much higher than the scores of the baseline models. 

Subplot (e): The discriminative power of the model (i.e., AUC). As you will observe FocusNet-LDD. can divide classes of 

disease in probability virtually perfectly in the vertical axis, and leads to. an AUC of 99.42%, which is also reflected in the scatter 

plot. In contrast, the AUCs of MobileNetV2 (97.14%) and VGG16 (96.90%) are lower. 

To conclude, the findings presented in Figure 4 prove the advantages of the introduction of Region of. Interest (ROI) 

extraction, as well as attention mechanisms, into the classification pipeline. The findings indicate the strength, accuracy, and 

efficiency of the proposed FocusNetLDD relative to the standard models to be deployed in real-life applications in automated 

agriculture disease diagnosis systems. 
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4.3 Ablation Study  

To learn how individual components make the FocusNet-LDD architecture, Experiments with ablation were done by deleting 

or modifying core modules in a systematic fashion. The experiments were grouped into three categories: (i) ROI extraction 

method, (ii) attention module integration, and (iii) optional sequential feature modeling using LSTM or Transformer layers. 

Table 7 presents a performance comparison among using no ROI extraction (i.e., training on full images), YOLOv8-based ROI 

cropping, and U-Net-based ROI segmentation. Both ROI-aware approaches significantly improved performance, with U-Net 

slightly outperforming YOLOv8 due to finer pixel-level masking. 

Table 7: Impact of ROI Extraction on Model Performance 

ROI Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

No ROI (Full Image) 93.24 91.50 92.03 91.76 96.18 

YOLOv8-Based ROI 97.83 96.15 95.72 95.93 98.74 

U-Net-Based ROI 98.79 97.86 97.42 97.63 99.42 

 

The influence of attention mechanisms on classification performance is shown in Table 8. Without attention, the model’s 

performance was notably lower. The integration of Convolutional Block Attention Module (CBAM) yielded the best results 

due to its combined spatial and channel-wise refinement. 

Table 8: Effect of Attention Modules on FocusNet-LDD 

Attention Module Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

None 95.10 93.70 93.25 93.47 97.10 

SE Block 97.22 96.00 95.26 95.63 98.40 

CBAM 98.79 97.86 97.42 97.63 99.42 

 

Finally, sequential modeling layers were introduced to evaluate temporal and spatial refinement through the aggregation of 

feature learning. The inclusion of an LSTM layer slightly improved recall and F1-score, while the Transformer encoder further 

enhanced generalization by leveraging self-attention across patch-level features. Table 9 provides the performance comparison. 

Table 9: Evaluation of Sequential Feature Learning Modules 

Model  Used Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%) 

None 97.80 96.32 95.88 96.10 98.50 

LSTM 98.13 97.14 96.68 96.91 98.93 

Transformer 98.79 97.86 97.42 97.63 99.42 

 

These ablation findings verify that every module-ROI extraction, attention and sequence. modeling- a major contribution to a 

final performance of the model. A combination of U-Net-based ROI, CBAM attention, and Transformer yield the best results 

Encoder in the FocusNet-LDD pipeline. 
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Figure 9: Ablation Testing of ROI Extraction, Attention Modules and Sequential Improvements. FocusNet-LDD Model of 

Leaf Disease Classification in focusnet 

Figure 9: Ablation Testing of ROI Extraction, Attention Modules and Sequential Improvements. FocusNet-LDD Model of 

Leaf Disease Classification in focusnet Figure 9 shows the results of the ablation study, which includes an in-depth performance 

analysis of the. proposed FocusNet-LDD model by considering the independent and joint influences of three essential 

architecture units: ROI extractors, attention modules, and sequential. modeling. The subplots compare the model classification 

accuracy and F1-score using the model below. different configurations, providing information on the design choices. 

Subplot (a) shows the implication of various ROI extraction strategies. When placed in training on full. images having no ROI 

preprocessing, the model obtained a relatively lower accuracy. (93.24) and F1-score (91.76), which means that there is some 

background noise and irrelevant information. features and using YOLOv8-based ROI cropping to a great extent enhanced 

performance. (accuracy: 97.83%, F1: 95.93) by guiding the model towards disease-specific. regions. The U-Net-based ROI 

segmentation was the best among the rest and it performed the best. precision of 98.79 and F1-score of 97.63, which proves 

that pixel-level segmentation. gives more localization of space and results in more discriminative learning. 

The difference of integrating attention modules is depicted in subplot (b). Without any attention mechanism, the performance 

of the model deteriorated (accuracy: 95.10%, F1 score: 93.47%), which means that it could not distinguish fine-grain patterns 

well. Introducing the Squeeze-and-Excitation (SE) block moderately enhanced performance. At the same time, the The highest 

boost was achieved with the use of Convolutional Block Attention Module (CBAM) that integrates spatial and channel-wise 

attention (accuracy: 98.79, F1: 97.63), which confirmed its validity effectiveness in targeting the model on critical disease regions. 

Subplot (c) shows the impact of introducing sequential feature modeling. Without any sequential module, the model obtained 

good performance (accuracy: 97.80%, F1: 96.10%) yet. adding an LSTM layer also improved recall-based performance (F1: 

96.91%). The A lightweight Transformer encoder (accuracy:) was again used to achieve best performance. F1: 97.63%), using 

self-attention to combine contextual features. 

Together, these findings attest to the fact that every improvement, ROI segmentation, and CBAM, is valid. attention, and 

Transformer modeling—makes an independent contribution to the performance of FocusNet-LDD. When they are combined, 

they have a synergistic effect to give a very accurate. and classifiable leaf disease prediction model that can be used in precision 

agriculture. applications. 

4.4 Explainability Analysis  

GradCAM (Gradient-weighted Class Activation Mapping) was used to visualize the spatial to interpret and validate the 

classification decisions taken by the FocusNet-LDD model. attention with correctly and incorrectly predicted samples. Figure 

10 presents a comparative heatmap visualization that shows how the model focuses on the presence of variations based on. the 

correctness of the prediction. 

 In subplot (a) the original input image relates to a leaf with Tomato Bacterial Spot. Subplot (b) shows the Grad-CAM heatmap 

of a correctly classified example, in which the. The focus of attention in the model lies in the focal lesion area, which is in line 

with the diseased. region. This correspondence indicates that FocusNet-LDD model takes advantage of semantically. relevant 

features obtained by the ROI, and verifies the ROI module and attention. mechanism in the network. 
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However, subplot (c) presents the Grad-CAM heatmap of a misclassified case, in which the. model predicted Early Blight 

instead of the actual Tomato Bacterial Spot. Here, attention is spread and distorted, paying attention to the periphery of the 

leaf and background instead of. disease-relevant patterns. This mismatch indicates localization of ROI that is not complete or. 

confusion because of similarity among classes. 

 

Figure 10: Grad-CAM Visualizations that show Attention Alignment in Correct vs. Incorrect Classifications by the 

FocusNet-LDD Model. 

The qualitative analysis supports the fact that proper classifications are related to strong. alignment of attention to disease-

specific areas. Meanwhile, wrong forecasts tend to be made. are caused by the model concentrating on irrelevant or low 

information areas. These insights demonstrate the usefulness of Grad-CAM as a transparency tool, making human validation 

of the possible. boundaries of the decisions and making the model more trustworthy to be deployed in precision. agriculture. 

Furthermore, the visual justification supports the design decision to integrate ROI focusing and attention hypothesis in the 

FocusNet-LDD model set-up. 

4.5 Comparison with Performance of Existing Methods.  

To demonstrate the efficiency of FocusNet-LDD we compare its performance with a number of. current state-of-the-art 

techniques to detect plant diseases in the recent literature [2] and [3]. An array of state-of-the-art techniques have been employed 

to test plant diseases. [3], Yuan et al. [10], Atila et al. [19], and Abed et al. [20]. This group of techniques includes conventional 

CNN. transfer learning methods, classifiers, segmentation-based models, and lightweight. architectures, with each presenting a 

variation on how to accomplish the same. 

The results in terms of accuracy, precision, recall and F1-score are compared in Table 10. 

As can be seen, the FocusNet-LDD model achieves the best performance among all listed methods in the remaining metrics, 

with an accuracy of 98.79% that outperforms the best compared methods by at least 3%. The target-dependent preprocessing, 

attention (CBAM), and transformer encoders individually enable more accurate and context-aware classification,  which 

together lead to this improvement in performance. 

Additionally, with Grad-CAM visualizations, FocusNet-LDD offers better interpretability than most existing methods, making 

it more practical for experts in agriculture. This is because the images produced by these methods often lack clarity without the 

correct interpretation, particularly when multiple LDDs are involved. By contrast, numerous baseline approaches are instead 

based on full-image classification and do not explicitly address the areas where diseases are present, which makes them less 

robust against background noise and intra-class similarity. 

In all, the results confirm that the proposed architecture delivers state-of-the-art quantitative performance but captures 

necessary and predictable quantities in a way that improves explainability and adaptability of the model `in field', which may 

make it an even more suitable solution for real-world deployment of plant disease diagnostic systems. 
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Table 10: Performance Comparison of FocusNet-LDD to Selected Existing Methods. 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Habiba & Islam [2] 92.45 90.87 90.22 90.54 

N et al. [3] 94.10 92.50 91.80 92.15 

Yuan et al. [10] 93.85 91.75 91.20 91.47 

Atila et al. [19] 94.60 92.95 92.30 92.62 

Abed et al. [20] 93.90 91.90 91.50 91.70 

FocusNet-LDD (Proposed) 98.79 97.86 97.42 97.63 

 

This comparative analysis makes FocusNet-LDD one of the solutions in the sphere of leaf. classification of diseases, 

highlighting its merits in accuracy, robustness, and interpretability. 

 

Figure 11: Performance Comparison of FocusNet-LDD with Existing Plant Disease Detection Approaches Both in 

Accuracy and Precision and in Recall and F1-Score Measures. 

A detailed performance comparison between the proposed is done as in Figure 11. The FocusNet-LDD and some of the 

current prominent plant disease detection methods utilized. literature. There are four critical evaluation measures such as 

accuracy and precision, recall, and F1-score. plotted as subplots. When compared to previous methods, FocusNet-LDD 

outperforms them by far in all measures, an overall accuracy of 98.79, which is much higher than that of its nearest rival, 

94.60%. This superior performance is the result of the compelling combination of ROI-conscious preprocessing and advanced 

in the model. sequential feature modeling, attention, and sequential feature modelling. The precision and recall are always more 

significant than LDD, indicating that FocusNet-LDD can not only classify various diseases is both accurate in classifying 

properly and yields fewer false-positive and false-negative cases compared to LLD. The enhanced F1-score is also a 

confirmation of the balanced and robust classification capability of the model. Overall, this statistic proves the idea that the 

recommended approach is a cutting-edge technique in plant. Automatic image-based disease diagnosis, because it is a better 

trade-off between accuracy. and dependability in comparison with conventional procedures. 

5. DISCUSSION  

One of the key areas in precision agriculture is plant disease detection, where timely and proper disease diagnosis can help avoid 

losses and enhance the quality of yields. The labour-intensive and fault-prone indoor methods, traditionally based upon manual 

inspection, motivate the automated approach involving computer vision and deep learning. The existing state-of-the-art 

techniques used to classify diseases in leaf images are primarily based on CNN and transfer learning. Though these methods 

have achieved significant accuracy, some gaps still exist. Specifically, many models operate on whole-leaf images with a 
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background, which reduces their precision and robustness. Moreover, the non-interpretability of these models prohibits their 

application in real-world settings, as explainability is necessary for trust and decision support in agriculture. 

Therefore, there is a clear need for new approaches that integrate regional feature extraction and interpretation methods using 

deep learning. To tackle these gaps, we propose FocusNet-LDD, a deep learning-based framework that incorporates Region 

of Interest generation, state-of-the-art attention modules, and sequential feature modeling through a series of Transformer 

encoders. This approach works by defining a two-pronged method that utilizes YOLOv8 and U-Net to extract region-of-

interest (ROI) images that are specific and, therefore, relevant for the classifier to learn features from disease-centric regions. 

Features are then refined through integration with Convolutional Block Attention Module (CBAM), which highlights essential 

spatial and channel-wise information to focus attention on salient features. Moreover, context-based feature aggregation is 

achieved by employing Transformer-based sequential modules, which also improve generalization. 

We conduct experiments to show that FocusNet-LDD achieves 98.79% accuracy, outperforming multiple baseline models and 

state-of-the-art methods in various metrics. As illustrated by Grad-CAM visualizations, the model aligns its attention onto the 

disease-affected regions, demonstrating the effectiveness of our ROI-aware design. 

 The ablation studies determine the contribution of each new component, and thus the synergistic effect of. ROI extraction, 

attention and sequential modeling are combined. This research not only does this, but it also. promote the quality of 

classification performance, yet it also enhances the interpretability, which is one of the two major drawbacks of the current 

deep learning methods. The outcome is imperative in realizing the implementation of credible, intuitive plant disease diagnosis 

systems in real life agricultural applications. Section 5.1 has the limitations of the study. 

5.1 Limitations of the Study 

There are a few limitations to this study. It is based on pre-trained in extracting ROIs. models (YOLOv8, U-Net), that might 

not be applicable to other types of crops or disease variants unless retrained. Second, the dataset is mainly based on PlantVillage-

controlled images, which lack the robustness of the model in non-controlled conditions with varying lighting and complex 

backgrounds in the field. Third, despite the attention and sequential modules being part of the model itself, they have a relatively 

sizeable monolithic nature, making it difficult to deploy this part of the model onto resource-constrained devices such as 

smartphones or edge systems. Overcoming these shortcomings will be a key step toward more functional and scalable real-

world usage. 

6. CONCLUSION AND FUTURE WORK  

FocusNet-LDD is a new ROI-aware deep learning framework designed for the accurate and interpretable detection of plant 

leaf diseases. We combine the state-of-the-art ROI extraction method with an attention mechanism and sequential feature 

modeling to overcome the significant drawbacks of previous methodologies, such as background noise interference and a lack 

of explainability. Results show significantly improved accuracies, precisions, recalls, and interpretability, outperforming baseline 

and recent state-of-the-art models in experimental evaluations. The Grad-CAM visualizations also confirm that the model 

focuses on regions relevant to the disease, thereby improving the overall trustworthiness of the predictions and making them 

more suitable for practical use in precision agriculture. Despite this, the collection of more diverse datasets would benefit from 

some domain adaptation. Therefore, generalization would apply to many other crops and environmental conditions, which can 

be areas of future work. Further work will also involve creating more computationally efficient model configurations to deploy 

the rapid model on mobile or edge computing units for real-time diagnostics in the field. Linkage with IoT-based sensor 

networks and cloud platforms can also facilitate support for scalable disease surveillance and decision support systems. By 

paying attention to these, we will be able to come up with a solid, simple and easy to access way of plant. disease screening, 

which eventually will contribute to sustainable agricultural growth and crop. sustainability. 
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