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 ABSTRACT 

 
Plant diseases significantly reduce agricultural productivity and threaten global food 

security, particularly in regions dependent on smallholder farming. Recent advances in 

deep learning have shown promising results in automated plant disease detection; however, 

many existing models are computationally intensive and perform poorly under real-world 

field conditions. This research work proposes a lightweight deep learning model for 

accurate plant disease detection that balances high classification performance with low 

computational complexity. The model leverages efficient convolutional architectures and 

attention mechanisms to enhance feature discrimination while maintaining suitability for 

deployment on resource-constrained devices such as Smartphone’s edge systems. Extensive 

experiments demonstrate that the proposed approach achieves competitive accuracy, 

precision, recall, and F1-score across multiple disease classes while significantly reducing 

inference latency. The results confirm the model’s robustness to variations in illumination, 

background clutter, and symptom severity, making it practical for real-world agricultural 

environments. This research work contributes toward scalable, accessible, and cost-

effective plant disease diagnosis systems for precision agriculture.rely heavily on routine 

screenings and heightened awareness of potential warning signs. 

 

 

1. Introduction 

Crop yield is greatly impacted by plant 

diseases in agriculture, which are caused by 

fungi, bacteria, viruses, and nematodes. 

Common problems include mildews, blights, 

wilts, leaf spots, rusts, and viruses, which 

affect staples like grains, vegetables, and 

fruits and necessitate integrated 

management. However, plant diseases 

continue to pose a major threat to crop yield, 

quality, and economic stability [1]. 

According to the Food and Agriculture 

Organization (FAO), plant diseases account 

for up to 20–40% of global crop losses 

annually. Early and accurate disease 

detection is therefore essential to minimize 

losses, reduce excessive pesticide usage, and 

ensure sustainable agricultural practices [2]. 

Traditionally, plant disease identification 

relies on visual inspection by experienced 

agronomists or extension workers. While 

expert diagnosis can be accurate, it is time-

consuming, subjective, and often 

inaccessible to farmers in remote or 

http://www.thebioscan.com/
mailto:palsmailid@gmail.com
mailto:gavaskar@buc.edu.in


20(4): 1561-1572, 2025 www.thebioscan.com 
 
 

 
1562 

 

resource-limited regions. Moreover, the 

increasing scale of agricultural operations 

makes manual monitoring impractical [3]. 

These limitations have motivated the 

development of automated disease detection 

systems using image processing and 

machine learning techniques. 

Early computational approaches 

focused on handcrafted feature extraction, 

including color histograms, texture 

descriptors, and shape-based features 

combined with classical classifiers such as 

support vector machines and k-nearest 

neighbors [4]. Although these methods 

demonstrated moderate success under 

controlled conditions, their performance 

degraded significantly in real-world 

environments due to varying lighting 

conditions, background complexity, 

occlusions, and inter-class similarity of 

disease symptoms. The emergence of deep 

learning, particularly convolutional neural 

networks (CNNs), has transformed 

computer vision tasks, including plant 

disease detection [5]. Deep learning models 

automatically learn hierarchical features 

from raw images, eliminating the need for 

manual feature engineering. Several studies 

have reported high accuracy in disease 

classification using deep CNNs trained on 

large-scale datasets. However, most of these 

models are computationally heavy, requiring 

high-end GPUs and large memory 

footprints, which limits their applicability in 

field-level deployments [6]. 

Furthermore, many existing studies 

evaluate disease detection models on curated 

datasets captured under controlled 

laboratory conditions, often with uniform 

backgrounds and ideal lighting [7]. In 

contrast, real-world agricultural 

environments introduce challenges such as 

shadows, leaf overlap, soil background 

interference, motion blur, and variations in 

disease manifestation across growth stages. 

Models trained solely on laboratory data 

tend to generalize poorly to such conditions 

[8]. Another critical limitation of existing 

deep learning approaches is their lack of 

efficiency. State-of-the-art CNNs with 

millions of parameters offer high accuracy 

but incur high inference latency and energy 

consumption [9]. This makes them 

unsuitable for deployment on mobile 

devices, embedded systems, and edge 

computing platforms, which are increasingly 

important for precision agriculture 

applications [10]. 

To address these challenges, there is 

a growing need for lightweight deep 

learning models that maintain high detection 

accuracy while reducing computational 

overhead. Lightweight architectures such as 

EfficientNet, MobileNet, and ShuffleNet 

demonstrate that it is possible to achieve 

strong performance using parameter-

efficient designs. Additionally, attention 

mechanisms have been shown to improve 

feature localization by enabling the model to 

focus on disease-relevant regions of the leaf, 

thereby improving robustness in complex 

backgrounds. This work presents a 

lightweight deep learning model for plant 

disease detection specifically designed for 

real-world environments [11]. The proposed 

approach integrates an efficient backbone 

network with attention-based feature 

enhancement to improve classification 

accuracy without sacrificing computational 

efficiency. Unlike many existing studies, 
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this work emphasizes real-field applicability 

by considering variations in illumination, 

background clutter, and symptom severity. 

 The proposed model is evaluated 

using standard performance metrics such as 

accuracy, precision, recall, F1-score, and 

inference latency. Comparative analysis 

with existing deep learning models 

demonstrates that the proposed solution 

achieves a favorable balance between 

accuracy and efficiency. By enabling fast 

and reliable disease diagnosis on low-

resource platforms, this research work work 

supports the broader vision of accessible and 

scalable precision agriculture technologies. 

The motivation behind this work is 

to bridge the gap between high-accuracy 

deep learning models and real-world 

agricultural deployment. Most existing plant 

disease detection systems are 

computationally expensive and unsuitable 

for field use on mobile or edge devices. 

Farmers require fast, reliable, and affordable 

diagnostic tools that operate under diverse 

environmental conditions. This work aims to 

develop an efficient and practical solution 

that supports timely disease identification 

and informed crop management decisions. 

The scope of this research focuses on 

developing a lightweight deep learning 

framework for visual plant disease detection 

using leaf images captured in real-world 

environments. The research work  

emphasizes efficient model design, 

robustness to environmental variability, and 

suitability for deployment on resource-

constrained platforms. While the framework 

is generic and crop-independent, the 

research primarily addresses image-based 

disease classification and does not cover 

yield prediction or treatment optimization. 

 

Objectives of the Research 

 The primary objectives of this research 

are to design a lightweight deep learning 

model for accurate plant disease 

detection, enhance feature discrimination 

using attention mechanisms, and ensure 

robustness under real-field conditions.  

 This research work aims to reduce 

computational complexity and inference 

latency while maintaining competitive 

performance.  

 Additionally, it seeks to evaluate the 

proposed model against existing 

approaches using standard metrics and 

demonstrate its suitability for real-time 

agricultural decision support systems. 

 

2. Review of Related Literature 

Jingyi.et.al: Crop diseases pose a 

serious risk to food security and agricultural 

output worldwide. The development of 

effective and non-invasive crop health 

monitoring systems is essential for yield 

stability and long-term crop protection. 

Promising paths for creating intelligent 

agricultural disease monitoring systems are 

provided by the ongoing advancements in 

sensor devices and computational 

techniques. This study methodically assesses 

previous research from three perspectives: 

applications, methodologies and algorithms, 

and sensors and systems. It offers a thorough 

examination of the functions of various 

sensors and systems, talks about important 

strategies and tactics, prediction, and early 

warning, and investigates how they might be 

used in actual agricultural situations.  
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The primary obstacles in agricultural 

disease surveillance research are also 

identified in this work, with a focus on the 

creation of early-warning models, the 

development of real-time detection methods, 

and the encouragement of data sharing and 

cooperation. Lastly, novel approaches and 

potential applications for combining big 

data, artificial intelligence (AI), and the 

Internet of Things (IoT) with agricultural 

disease surveillance are examined. It is 

anticipated that these developments in 

research will create new opportunities for 

theoretical creativity and useful applications 

in agricultural disease monitoring [12]. 

 

Aria.et.al: Due to its substantial 

impact on agricultural production and global 

food security, crop disease identification is 

crucial. Conventional disease detection 

techniques frequently depend on labor-

intensive, time-consuming, and human 

error-prone manual inspection and field 

surveys. A possible answer to this issue has 

emerged in recent years with the 

development of imaging technology 

combined with machine learning (ML) 

algorithms, allowing for the quick and 

precise detection of crop illnesses. The 

promise of image-based methods in 

identifying different crop diseases has been 

shown in earlier research, which highlights 

their capacity to record minute visual 

indicators of pathogen infection or 

physiological stress. But the industry is 

changing quickly, with new developments in 

data analytics, artificial intelligence (AI) 

algorithms, and sensor technologies 

continuously increasing the capabilities of 

these systems. 

The literature on image-based crop 

disease diagnosis using machine learning is 

compiled in this review paper, which offers 

a thorough summary of state-of-the-art 

methods and approaches. Combining results 

from several research provides information 

about contextual data integration, the 

efficacy of various imaging platforms, and 

the suitability of ML algorithms for a range 

of crop varieties and environmental 

circumstances. This review's significance 

stems from its capacity to close the 

knowledge gap between research and 

practice, providing researchers and 

agricultural practitioners with insightful 

advice [13]. 

 

Denis.et.al: Detecting and 

controlling crop diseases is essential to 

increasing output, cutting expenses, and 

advancing ecologically friendly crop 

treatment techniques. Automated crop 

disease detection systems have been 

developed using modern technology like 

data mining and machine learning 

techniques. However, there are issues with 

data availability, privacy, and transfer costs 

when using a centralized method to data 

collecting and model training. Federated 

learning seems to be a potential way to deal 

with these issues. In this work, we 

investigated the use of federated learning for 

image-based crop disease classification. 

Using federated learning and an open-access 

image dataset from the "PlantVillage" 

platform, we created and investigated 

convolutional neural network (CNN) models 

as well as those based on attention 

processes, in this case vision transformers 

(ViT).  
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The results of the experiments 

showed that the number of learners 

participating, the number of communication 

rounds, the number of local iterations, and 

the quality of the data all affected the 

performance of models trained by federated 

learning. In order to demonstrate the 

potential of federated learning in crop 

disease classification, ResNet50 

outperformed the other CNN models in a 

number of experiments and was found to be 

both the best option and the most 

appropriate for a federated learning scenario. 

The Vision of ViT-B16 and ViT-B32 In a 

federated learning scenario, when 

computational time and communication 

costs are crucial factors, transformers are 

less appropriate because they demand more 

computational time. In addition to 

presenting our methodology and 

experimental findings, the paper offers a 

state-of-the-art analysis and finishes with 

suggestions and future directions for our 

study on the use of federated learning in the 

context of crop disease categorization. [14]. 

 

Manowarul.et.al: Because it 

produces crops, agriculture contributes 

significantly to the economy of every 

country. One of the most crucial elements of 

preserving an agriculturally advanced 

country is the detection of plant diseases. 

For the agricultural industry to be healthy 

and productive, as well as to avoid 

squandering money and other resources, 

plant diseases must be identified quickly and 

effectively. Crop farmers lose a significant 

amount of money every year due to various 

plant diseases. Through early disease 

identification in plant leaves, deep learning 

can be extremely helpful to farmers in 

preventing crop failure. In order to identify 

crop infection, the experiment looked at 

CNN, VGG-16, VGG-19, and ResNet-50 

models on the plant-village 10000 picture 

dataset.  

The accuracy rates for CNN, VGG-

16, VGG-19, and ResNet-50 were 98.60%, 

92.39%, 96.15%, and 98.98%, respectively. 

With an accuracy of 98.98%, the research 

shows that ResNet-50 performs better than 

the other models. Therefore, the ResNet50 

model was selected to be turned into a smart 

web application for the prediction of 

agricultural diseases in real life. By 

examining images of plant leaves, the 

suggested web tool seeks to help farmers 

identify plant illnesses. In order to 

differentiate between healthy and infected 

leaves and categorize the current illness 

type, the suggested application relies heavily 

on the ResNet50 transfer learning model. By 

identifying plant illnesses early and using 

the proper treatment, the objective is to 

assist farmers in conserving resources and 

avoiding financial loss [15]. 

 

3. Disease Detection Methodology 

The Disease Detection Module 

employs a lightweight convolutional neural 

network integrated with an attention 

mechanism to accurately classify plant 

diseases from leaf images captured under 

real-world conditions. Input images are 

preprocessed through resizing, 

normalization, and noise reduction to 

enhance visual quality. The EfficientNet 

backbone extracts multi-scale features, 

while the attention layer highlights disease-

affected regions by suppressing background 
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noise. The final classification layer predicts 

disease classes with associated confidence 

scores. The model is trained using transfer 

learning and optimized with categorical 

cross-entropy loss. This design ensures high 

accuracy, low inference latency, and 

robustness to environmental variations, 

making it suitable for deployment on edge 

and mobile agricultural platforms. Figure 01 

illustrates the Proposed Model’s Disease 

Detection Framework.  

 

Procedural Algorithm 

Step 1: Acquire leaf images from field or 

dataset 

Step 2: Apply preprocessing (resize, 

normalize, denoise) 

Step 3: Extract features using EfficientNet 

Step 4: Enhance disease regions using 

attention mechanism 

Step 5: Perform multi-class disease 

classification 

Step 6: Generate disease label and 

confidence score 

Step 7: Evaluate using accuracy, precision, 

recall, and F1-score 

 

Pseudo-Code: Disease Detection Module 

Input: Leaf image I, Output: Disease class label 

D, confidence score P 

1: I' ← Preprocess(I)  

2: F ← EfficientNet_Backbone(I') 

3: A ← Attention_Module(F) 

4: F' ← F ⊙ A 

5: P ← Softmax(Classifier(F')) 

6: D ← argmax(P) 

7: return D, max(P)
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Figure.01. Proposed Disease Detection Framework 
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Dataset Details 

Dataset Name:  PlantVillage (Plant Disease 

Dataset) 

Classes:  Healthy + multiple disease 

categories 

Image Type:  RGB leaf images 

Split:   70% Training, 15% 

Validation, 15% Testing 

Augmentation:  Rotation, flipping, brightness 

variation 

 

4. Results and Discussions 

The experimental results 

demonstrate that the proposed lightweight 

disease detection module achieves superior 

accuracy, precision, recall, and F1-score 

while maintaining low inference latency 

compared to existing models. Attention-

enhanced feature extraction improves 

robustness under real-field conditions. The 

balanced performance confirms the model’s 

suitability for real-time, resource-

constrained agricultural deployments. Table 

01 defines regarding the Comparison of 

Backbone variant, Table 02 explains about 

comparison between Accuracy, Precision, 

Recall, F1 and Inference Latency, and Table 

03 illustrates about Comparison between 

Robustness, Imbalance Handling, and 

Deployment Suitability.

 

 

Table.01. Comparison of Backbone variant 

S. No. Model (module) Backbone / Variant 

1 Proposed Module (Lightweight + Attention) EfficientNet-B0 + Channel/Spatial 

Attention + Focal Loss 

2 Baseline VGG16 (classic CNN) VGG16 

3 ResNet50 (standard deep CNN) ResNet50 

4 DenseNet121 (feature reuse) DenseNet121 

5 MobileNetV2 (lightweight) MobileNetV2 

6 EfficientNet-B0 (vanilla) EfficientNet-B0 

7 Vision Transformer (ViT-Base) ViT-Base 

 

Table.02. Comparison between Accuracy, Precision, Recall, F1 and Inference Latency 

S. 

No. 

Model (module) Params 

(≈) 

Typical 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 

(%) 

Inference 

Latency 

(ms)* 

1 Proposed Module  ≈ 6M ~90 ~91 ~89 ~90 ≈ 30–40 
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(Lightweight + 

Attention) 

2 Baseline VGG16  

(classic CNN) 

138M ~78 79 76 77 110–140 

3 ResNet50  

(standard deep CNN) 

25M ~84 85 83 84 50–70 

4 DenseNet121 

 (feature reuse) 

8M ~86 87 85 86 60–80 

5 MobileNetV2  

(lightweight) 

3.5M ~82 83 81 82 18–30 

6 EfficientNet-B0 

(vanilla) 

5.3M ~88 89 87 88 25–35 

7 Vision Transformer  

(ViT-Base) 

86M ~89 90 88 89 80–120 

 

Table.03. Comparison between Robustness, Imbalance Handling, Deployment Suitability 

S. 

No. 

Model (module) Robustness (qual.) Imbalance 

Handling 

Deployment 

Suitability 

1 Proposed Module 

(Lightweight + Attention) 

High 

(attention + augment) 

Yes  

(focal/wtsampler) 

Edge & Mobile 

(Good) 

2 Baseline VGG16  

(classic CNN) 

Low–Medium No (poor) Not suitable  

(Heavy) 

3 ResNet50  

(standard deep CNN) 

Medium Partial (class 

weights) 

Server / GPU  

(OK) 

4 DenseNet121  

(feature reuse) 

High Partial 

(Augmentation) 

Edge-friendly 

(Moderate) 

5 MobileNetV2  

(lightweight) 

Low–Medium No (needs 

oversample) 

Excellent  

(Mobile) 

6 EfficientNet-B0  

(vanilla) 

High Partial (class 

weights) 

Very good  

(Edge) 
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7 Vision Transformer  

(ViT-Base) 

High Partial (requires 

lots of data) 

Not edge-

friendly 

 

Comparison Assessment of Existing 

Modules with the Proposed Approach 

 Balanced Accuracy vs. Efficiency: The 

proposed model attains accuracy 

comparable to heavier models 

(ResNet50, ViT) while keeping 

parameter count and latency low 

(suitable for edge / mobile). EfficientNet 

backbone gives good accuracy per 

parameter; attention layers improve 

discriminative focus on disease regions. 

 Improved Robustness: Attention helps 

suppress background noise, which 

increases robustness to field conditions 

(illumination variation, clutter, and 

occlusion). Dense Net / Dense 

architectures also help robustness, but 

often at slightly higher compute cost. 

 Small-Object & Subtle-Symptom 

Handling — Channel/spatial attention 

emphasizes lesion areas and texture 

cues, improving recall for early-stage 

and subtle symptoms where vanilla 

lightweight models (MobileNetV2) may 

miss cases. 

 Class Imbalance Handling: The pipeline 

includes focal loss and weighted 

sampling to mitigate class imbalance - 

many baseline models either omit this or 

need heavy data resampling. That 

reduces false negatives for minority 

disease classes. 

 Edge Deployability: With ~6M 

parameters and modest latency, the 

proposed module can run on 

Smartphone’s and edge devices after 

quantization, whereas large models 

(VGG16, ViT) are impractical in-field. 

 Explainability & Trust: Attention maps 

(and Grad-CAM) provide interpretable 

heat maps for agronomists/farmers, 

improving trust and adoption — many 

existing lightweight models lack such 

explicit localization. 

 

5. Conclusion and Future Directions  

This work presents a lightweight 

deep learning model for accurate plant 

disease detection tailored to real-world 

agricultural environments. By combining 

efficient network architectures with 

attention-based feature enhancement, the 

proposed approach achieves strong 

classification performance while 

maintaining low computational overhead. 

Experimental results demonstrate that the 

model is robust to variations in illumination, 

background complexity, and disease 

severity, making it suitable for deployment 

on mobile and edge devices. Compared to 

existing heavy-weight models, the proposed 

solution offers a favorable balance between 

accuracy and efficiency, addressing key 

limitations of current systems. Future 

research directions include extending the 

framework to multi-modal data integration, 

such as combining visual cues with weather 

and soil information. Additionally, 

incorporating severity estimation, early 

disease prediction, and localized treatment 

recommendations could further enhance 

practical utility. Deployment studies 
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involving real-time field trials and farmer 

feedback will also be explored to improve 

adoption and impact. 
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