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Abstract—Plant diseases must be identified early to protect 

crop harvests, as agriculture plays a crucial role in ensuring 

global food security. This paper introduces an advanced 

deep-learning approach utilizing a conventional 

Convolutional Neural Network (CNN) for the multiclass 

classification of groundnut leaf diseases. The research 

focuses on constructing a robust deep learning model, named 

Groundnut Leaf Disease Identification Classification 

Convolution Neural Network (GLDICCNN), to rapidly 

identify, classify, and predict groundnut leaf diseases. The 

methodology encompasses comprehensive data collection 

from agricultural fields, preprocessing, model development, 

and rigorous evaluation. The proposed model, Groundnut 

Leaf Diseases Identification, Classification with Convolution 

Neural Network (GLDICCNN) demonstrates impressive 

performance metrics after extensive experimentation. The 

training accuracy reaches 99.73%, while validation accuracy 

stands at 97.06%. Correspondingly, the training and 

validation loss values are 0.0035 and 0.1649, respectively. 

Evaluation metrics, including precision (96%), recall (96%), 

and F1−Score (96%), highlight the effectiveness of the 

proposed model. Moreover, the test accuracy attains a 

commendable 96%. Comparative analysis with pre-trained 

models such as ResNet50, ResNet101, and ResNet152 

underscores the superior accuracy achieved by the 

GLDICCNN model. In summary, this research establishes a 

deep learning framework that excels in groundnut leaf 

disease identification, classification, and prediction. The 

findings underscore the potential of the proposed model for 

practical applications in agriculture, contributing to 

enhanced crop yield protection and global food security. 
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I. INTRODUCTION 

Agriculture, as the bedrock of human civilization, has 

evolved from a fundamental survival activity to a 

sophisticated science driving global sustenance. Within 

the dynamic tapestry of agriculture, the persistent threat of 

leaf diseases poses a significant challenge to crop health 

and global food security. The comprehensive detection of 

leaf diseases has become more critical due to the changing 

climatic circumstances and the interconnection of global 

trade. A Machine Learning or Deep Learning model can 

change crop management which can be represented by 

Convolution Neural Networks [1] in Artificial Intelligence 

[2], which provide data-driven insights, automation, and 

precision that have the potential to completely transform 

conventional agricultural methods and increase the 

productivity, resilience, and sustainability of agriculture. 

The integration of AI (Artificial Intelligence) applications 

in crop management exemplifies a fundamental change in 

agriculture, emphasizing data-driven decision-making, 

resource optimization, and sustainable practices. These 

technologies contribute to increased efficiency, reduced 

environmental impact, and the overall resilience of 

agricultural systems. In the dynamic landscape of 

agriculture, groundnuts, or peanuts, emerge as a versatile 

and indispensable crop. 

Identification of groundnut leaf diseases, classification 

of groundnut leaf diseases [3], and Prediction of leaf 

diseases can bring into line with contemporary agricultural 

trends that emphasize technology-driven solutions for 

optimizing crop management, ensuring food security, and 

promoting sustainable farming practices. The 

susceptibility of groundnut plants to various diseases, 

including foliar diseases, significantly impacts their health 

and yield. The timely identification and categorization of 

these diseases are of utmost importance in ensuring 

efficient agricultural administration and mitigating 

potential reductions in crop productivity. The 

conventional approaches to identifying groundnut leaf 

diseases include visual inspection, field surveys, Symptom 

Catalogs and Guides, Local Knowledge and Experience, 

Leaf Sampling and Laboratory Analysis, and Expert 

Consultation. However, this method is associated with 

certain drawbacks including time consumption, labor 

intensiveness, and susceptibility to human fallibility. The 

limitations of the existing approaches can be overcome by 

integrating AI into agriculture. There are several AI 

methods are employed to identify the groundnut leaf 
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diseases such as Machine Learning Algorithms, Image 

Recognition, Computer Vision, Deep Learning, Transfer 

Learning, and decision support systems. Deep learning 

approaches have demonstrated significant success in 

accurately identifying groundnut leaf diseases. To identify, 

classify, and predict the image data in deep learning [4] 

there are two approaches are available. Two widely 

employed techniques in this context are Convolutional 

Neural Networks (CNN) and Transfer Learning utilizing 

pre-trained network models. The disadvantages of 

incorporating two approaches for groundnut leaf disease 

identification, classification, and prediction are 

computational complexity, Overfitting issues, lower 

accuracy, limited memory consideration, and difficulty in 

handlining sequential data. The proposed GLDICCNN 

models identify, classify, and predict groundnut leaf 

diseases and solve the overfitting issues.  

The contributions of this research work are: 

• Acquire and preprocess a comprehensive dataset 

of groundnut leaf images, including images of 

both diseased and healthy foliage. 

• To design and develop a new model Groundnut 

Leaf Diseases Identification Classification and 

Prediction Convolutional Neural Network 

(GLDICP-CNN) model tailored for the groundnut 

leaf diseases problem. 

• For the training and evaluation of the GLDICP-

CNN model in disease identification, 

classification, and prediction, precise and efficient 

performance metrics will be employed. 

• For a thorough evaluation, the proposed model 

was compared with existing methods and 

established benchmarks to prove better 

performance. 

• To provide insight into the expected uses of the 

produced technology and the limits of such a 

system. 

This paper aligns the content as Segment II provides a 

comprehensive related work on the detection, 

classification, and prediction of leaf diseases. Segment III 

delves into the methodologies employed for data 

collection and preprocessing. Segment IV expounds on the 

methodology, detailing the overall architecture of the 

proposed GLDICCNN model. Segment V presents the 

experimental results and performance metrics with a 

discussion of the findings. Finally, Segment VI details the 

conclusion and future work of the research.  

II. RELATED WORK 

The researcher used a deep learning-based CNN 

technique called modified InceptionResNet-V2 [5] for the 

detection and classification of plant leaf diseases. The 

MIR-V2 model achieved accuracy of 98.92% and 97.94%, 

this model was compared with the tomato leaf disease 

detection algorithm and outperformed than previous 

model. This model cannot be refined still more accuracy 

and needs correct diagnosis technique to implement. The 

author incorporates the Ant Colony optimizer [6] and 

CNN for feature extraction and classifies the infected leaf 

and healthy leaf from the class images. Early Weed 

Identification with Deep Learning: Utilizes Keras and 

PyTorch to train models on an annotated weed dataset, 

demonstrating accurate image classification and object 

detection for early-season weeds [7]. Acknowledges 

potential misclassification, suggesting the need for 

additional field testing. Sarkar et al. [8] Researchers 

assessed recent papers on Machine Learning (ML) and 

Deep Learning (DL) for Image Classification, noting that 

many ML approaches fall short in accuracy despite large 

datasets. In contrast, the study finds that deep learning 

models consistently achieve satisfactory performance 

metrics in image classifications [9]. Combining Channel 

Attention and Pruning Network (CACPNET), Efficient 

Plant Disease Detection: Introduces CACPNET, a model 

combining channel attention and pruning, achieving high 

accuracy (99.7% on PlantVillage, 97.7% locally) with 

reduced parameters. Outperforms ResNet-18, 

emphasizing efficiency for plant disease detection in 

precision agriculture. 

Chen et al. [10] proposed a Neural Network (NN) based 

method for plant leaf disease identification, employing 

segmentation algorithms and extracting Haralick features 

and textures. The neural network achieves acceptable 

accuracy but is limited by its dependence on clear input 

images. Thaiyalnayaki and Joseph [11] focused on plant 

disease classification, and the paper combines Support 

Vector Machine (SVM) and deep learning. SVM achieves 

94.14% accuracy in classifying 19 diseases based on plant 

attributes, while the deep learning Multi-Layer Perceptron 

(MLP) classifier achieves 88.73% accuracy, highlighting 

its performance on soybean data [12]. DL Architectures 

and Optimizers for Plant Disease: Compares DL 

architectures and optimizers on the PlantVillage dataset, 

highlighting F1−Score. Recommends Xception for high 

performance but notes the need for further research to 

validate results and explore additional performance 

measures. Inception-based DL Model for Plant Diseases: 

Proposes an inception-based DL model achieving high 

accuracy (up to 99.66%) on various plant disease datasets. 

Limited by the scope of three datasets and lacks 

comparison with traditional ML methods [13]. X-caption-

based Model for Crop Diseases: Introduces a deep learning 

model with X-caption architecture achieving 99.69% 

accuracy in identifying peanut leaf diseases. Successful 

application to various crops demonstrates versatility but 

lacks examination of model limits and real-world 

implementation [14]. 

Automated Peanut Leaf Spot Disease Detection: Uses a 

pre-trained DenseNet-169 model for peanut leaf spot 

disease identification, showing potential for agricultural 

automation. Emphasizes high accuracy and precision, 

particularly useful for peanut disease diagnosis [15]. 

DenseNet for Groundnut Leaf Disease Classification: 

Presents a groundnut leaf dataset, employing DenseNet for 

classification with a 99.83% success rate. Recognizes 

dataset importance and ethical considerations but lacks 

insight into model limitations and real-world 

applications  [16]. The PGCNN (Progressive Groundnut 

Convolutional Neural Network) model is a novel approach 

to groundnut leaf disease classification. It achieves a 
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training accuracy of 99.39%. shows potential for 

generalization, but more study is required to confirm 

performance in a variety of contexts [17]. PGCNN 

(Progressive Groundnut Convolutional Neural Network) 

Model for Groundnut Leaf Diseases: Introduces PGCNN 

model achieving 99.39% training accuracy for groundnut 

leaf disease classification. Shows promise in 

generalization but needs additional research to verify 

performance across diverse settings [17]. Deep CNN for 

Groundnut Leaf Spot Illness: This method uses deep CNN 

to classify groundnut leaf spot illness, with 0.844 accuracy 

using DFT pictures [18]. Constraints include a narrow 

emphasis on particular illnesses and a lack of details on the 

approach and dataset size [19]. CNN Models for 

Predicting Groundnut Diseases: Introduces CNN models 

for predicting groundnut diseases, with ResNet achieving 

high accuracy and precision. However, the study lacks a 

detailed dataset and validation information, necessitating 

additional investigation.  
In summary, the review highlights the effectiveness of 

deep learning models, particularly in image classification, 

plant disease diagnosis, and groundnut leaf identification. 

The application of Keras and PyTorch in identifying early-

season weeds demonstrates the potential for site-specific 

agricultural weed management. While neural networks, 

SVM, and deep learning architectures prove valuable in 

plant disease identification, the need for clear input photos 

and further research to validate results is emphasized. The 

proposed inception-based model showcases superior 

accuracy with fewer parameters, and the impressive 

performance of models like X-caption, Densely 

Convolutional Networks (DenseNet), PGCNN, and 

ResNet in groundnut leaf disease diagnosis underscores 

the potential of advanced topologies. However, the overall 

lack of standardized information on dataset sizes, 

validation methodologies, and performance measures calls 

for additional research to validate these models across 

diverse scenarios and address real-world implementation 

challenges and ethical considerations. 

III. DATA COLLECTION AND PRE-PROCESSING 

A. Data Source Unit 

In this subsection, the author provides an account of the 

origins of the groundnut leaf image data collected for 

experimental purposes. Leaves were gathered from the 

agricultural field, encompassing diverse climatic 

conditions in the vicinity of Venkatakulam village in 

Pudukkottai district, Tamil Nadu. The collected samples 

include Early_Leaf_Spot (ELS), Late_Leaf_Spot (LLS), 

Rust, and Rosette, alongside a category representing 

healthy leaves. To get pictures of groundnut leaves, high-

resolution digital cameras and smartphones—which are 

Internet of Things (IoT) devices—were used [20]. The 

parameters of the smartphone used to take pictures of the 

healthy and diseased leaves from the farmed area are listed 

in Table I.  

B. Data Acquisition 

The data acquisition process encompassed the 

systematic collection of groundnut leaf images from the 

sources above [21]. To ensure the quality and consistency 

of the data, the subsequent measures were implemented. 

Below is Table II. details the image specification of the 

groundnut dataset. 

TABLE I. CAMERA SPECIFICATIONS 

Camera VIVO V2029 

Processor 1.8GHz Snapdragon SDM460 Octa-core 
OS Android 10 

RAM 6.00 GB 

Phone Storage 64.00 GB 
Front Camera Res. 8 MP 

Rear Camera Res. 13 MP + 2 MP + 2 MP 
Battery Capacity 5000 mAh 

TABLE II. GROUNDNUT LEAF IMAGE DETAILED SPECIFICATIONS 

Image 

Property 
Values 

Camera 

Property 
Values 

Dimensions 13801380 Camera Maker Vivo 

Width 1380 Camera Model V2029 

Height 1380 F-stop f/2.2 

Horizontal 

Resolution 
72 dpi Exposure time 1/100 s 

Vertical 

Resolution 
72 dpi Focal length 4 mm 

Bit Depth 24 Max aperture 2.27 

GPS 

Latitude 10;19;28.0599000000002263 

Longitude 78;55;36.6300000000048 

 

C. Data Cleaning and Augmentation 

To optimize the dataset for deep learning purposes, a 

sequence of data cleaning and augmentation 

methodologies was employed. Below Fig. 1 shows the 

sample images of a dataset with classes of 5. The cleaning 

and data augmentation techniques used to enhance the 

results are rotation, flipping, shifting, noise removal, 

shearing, and class balancing.  

 

 
Fig. 1. Sample dataset classes images (a). ELS, (b). Healthy, (c), LLS, 

(d). Rosette, (e). Rust. 

• Rotation: Introduces diversity by changing the 

orientation of images, facilitating the model’s 

ability to recognize objects from various angles. 

• Flipping: Enhances dataset diversity through 

horizontal or vertical mirroring of images, 

providing additional perspectives for model 

training. 
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• Shifting: Introduces spatial variability by 

translating image positions horizontally or 

vertically, aiding the model in handling changes in 

object location. 

• Noise Removal: To enhance the quality of the 

data, images exhibiting substantial noise, such as 

blurriness or inadequate lighting, backgrounds, 

and weeds in the agricultural land were excluded. 

• Shearing: The employed techniques encompassed 

a random rotations range of 20, a width shift was 

0.2, a height shift range was 0.2, a shear range was 

0.2, a zoom range was 0.2 with the horizontal flip 

with true and the nearest of fill mode.  

• Class Balancing: The implemented strategies 

such as oversampling and undersampling to 

address the imbalanced class distribution caused 

by varying sample sizes across disease categories.  

D. Data Splitting 

The dataset is divided into three sets: the training set, 

the validation set, and the test set. This separation is to 

assess the model’s performance, preventing overfitting, 

and fine-tuning the hyperparameters. Table III provides a 

detailed breakdown of the crop dataset before and after 

augmentation for each class. It suggests that data 

augmentation has been implemented to enlarge the dataset 

size to achieve better performance, and it shows the 

distribution of images across different leaf states. 

TABLE III. NUMBER OF LEAVES COLLECTED FOR GLDIC-CNN 

MODEL BUILDING 

Sl. 

No. 
Class Names 

No. of Original 

Images 

No. of Leaves after 

Augmentation 

1 Early Leaf Spot 155 1000 

2 Healthy 180 650 
3 Late Leaf Spot 108 1010 

4 Rosette 24 1000 

5 Rust 48 1010 
Total 515 4670 

IV. METHODOLOGY 

A. Architecture Overview 

The CNN-based model employed in this study is 

specifically built to acquire hierarchical features from 

images of groundnut leaves. By doing so, it can effectively 

capture and analyze patterns and traits diagnostic of 

different diseases affecting the crop. Fig. 2 shows the 

architecture and overall workflow of the GLDICCNN 

model.  

 

 
Fig. 2. Overall architecture of multiclass classification using deep learning techniques. 

The architecture consists of six convolution layers 

tasked to extract primary to higher features, Max-pooling 

layers to reduce the spatial dimension, and one fully 

connected layer dedicated to classification. Groundnut 

leaves have been collected from agricultural fields with 

various climatic conditions. Collected leaves were 

segregated according to the diseases encountered in the 

leaf which the professional agricultural specialists ensured. 

The collected dataset leaves were cross-checked with the 

leaf available in the Tamilnadu Agricultural University 

(TNAU AGRITECH) portal and split into five classes. To 

capture the images, the smartphone is used to collect the 

healthy and diseased types of groundnut leaf images. 

Images are stored in the local Graphics Processing Unit 

(GPU) system for the train-test split of the dataset for 

further processing. The five classes are Early Spot, 
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Healthy, Late Spot, Rosette, and Rust. To obtain high-

performance accuracy, the dataset should be pre-processed 

before the procedure begins. It involves several steps to 

enhance the quality of the data. Typical preprocessing 

steps for image classification involve loading the data, 

resizing the images, normalizing pixel values to a specific 

range, and augmenting the dataset through transformations 

like rotation, flipping, zooming, and shifting. Data 

augmentation serves to enhance the model’s 

generalization by introducing variations in the input data, 

alongside operations like splitting the data. For 

preprocessing, some techniques are used to they are 

organizing the dataset in a structured manner, resizing the 

images to ensure that all the images are in the same 

dimensions to make the neural network easier, Scale pixel 

values to a specific range, typically [0, 1] or [−1, 1]. 

Normalization is utilized to converge faster while the 

model is in training. Then, the leaves are distributed into 

five classes according to the diseases infected in the leaves. 

The dataset was divided into train-test sets with an 

80%−20% ratio. These are done to improve model 

accuracy, reduce variance, assess robustness, and 

effectively utilize the data. The proposed model was 

derived with six convolution layers with the iterative 

number of filter sizes and the same filter size, followed by 

the Rectified Linear Unit (ReLU) as the activation 

function. The batch normalization and a dropout layer are 

included for utilizing the hyperparameters tuning to 

enhance the results of the proposed model. The learning 

rate has been tested for 0.1, 0.001, and 0.001 for 50 epochs. 

The classified images were predicted with the new images 

to predict the classified images. 

B. GLDICCNN Model Architecture 

Fig. 3 provides details about the specific architecture of 

the proposed GLDICCNN model for groundnut leaf 

diseases. 

 

 
Fig. 3. Groundnut leaf disease identification and classification prediction of CNN. 

• Convolution Layer 1: Initiates spatial feature 

extraction with 32 filters, (3, 3) kernel, and ReLU 

activation. MaxPooling reduces spatial 

dimensions for hierarchical learning. 

• Convolution Layer 2: Continues extraction with 

32 filters and ReLU. L2 regularization (0.01) 

mitigates overfitting, refining features for 

robustness. 

• Convolution Layers 3 and 4: Introduces 64 filters, 

(3, 3) kernel in each layer. ReLU maintains non-

linearity, and MaxPooling enhances complexity 

for enriched visual understanding. 

• Convolution Layer 5: Utilizes 128 filters, (3, 3) 

kernel with L2 regularization (0.01). Batch 

Normalization enhances depth, and controls 

overfitting, ensuring stable training. 

• Convolution Layer 6: Employs 128 filters, (3, 3) 

kernel, applying Batch Normalization for feature 

refinement and stability. 

• Flatten Layer: Transitions from convolution layers 

to fully connected layers by flattening output, 

preparing for densely connected neural network 

layers. 

• Fully Connected Layer 1: Integrates spatial 

features with 256 neurons, ReLU activation, Batch 

Normalization, and Dropout (50%) for stable 

training and prevention of overfitting. 

• Output Layer: Final layer with Dense 

configuration and softmax activation for 

classification, transforming features into 

probability distributions for the model’s prediction. 

Table IV details the parameters used while training the 

proposed model to get higher accuracy and lower loss 

values. Here three optimization algorithms were used to 

compare which suits the proposed model for classification 

and prediction. 

TABLE IV. PARAMETERS DURING TRAINING 

Hyperparameters Values 

Loss Function Categorical cross-entropy 

Optimization Algorithm Adam, SGD, RMSprop 

Batch Size 3264 

Epochs 50 

B. Hyperparameter Tuning 

Hyperparameter tuning is a critical aspect of optimizing 

the model performance and generalization 

capabilities  [22]. The hyperparameters and the tuning 

selected for the GLDICCNN are described in Table V. 

TABLE V. HYPERPARAMETERS FOR GLICCNN MODEL 

Hyperparameters Hyperparameters Values 

Learning Rate tested 0.001 

Dropout Ratio selected 0.5 (50%) 
Batch Normalization L1 & L2 

Architectural Variants Fully connected, Convolution, Filters 
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In summary, the methodology describes the overview 

of the proposed model used for groundnut leaf disease 

identification, classification, and prediction using CNNs, 

including model architecture, training procedure, and 

hyperparameter tuning. 

V. EXPERIMENTAL RESULTS 

A. Interpretation of Results 

The results were obtained from the GLDICCNN model 

for deep learning-based approach and other comparative 

methods. The interpretation includes both quantitative and 

qualitative aspects, providing insights into the 

performance and significance of the applied approach. 

This research infers that the proposed model performance 

gives better values than the existing network of pre-trained 

models of the Resnet family. Here the trail of all 

optimizers was utilised to get rid of the overfitting problem. 

Adam optimizer gives the best result compared to another 

optimizer. An iterative process called epochs 10, 20, 30, 

40, and 50 was also tested and concluded with 50. After 

executing the proposed model with 50 epochs, the result 

achieved higher accuracy and was also compared with the 

Resnet 50, 101, and 152 models to evaluate the proposed 

model. The results and graph for the achieved results are 

displayed and tabulated below for a detailed perspective. 

Table VI outlines a classification scheme with 

corresponding labels for different classes, likely intended 

for a deep learning or data classification task. 

TABLE VI. GROUNDNUT LEAF CLASSES AND LABELS 

Name of the Classes Label of Classes 

Early Leaf Spot 0 

Healthy 1 

Late Leaf Spot 2 

Rosette 3 
Rust 4 

B. GLDICCNN Model Training 

Table VII illustrates GLDICCNN’s performance 

metrics across epochs (10 to 50), depicting improvement 

in both training and validation accuracy. At the 50th epoch, 

the training accuracy is 99.73%, with minimal loss 

(0.0035), and validation accuracy is commendable at 

97.06%, with a relatively low loss (0.1649). The consistent 

improvement suggests effective learning and 

generalization, justifying the pragmatic decision to 

conclude training at 50 epochs to balance accuracy gains 

with the risk of overfitting.  

Table VIII displays GLDICCNN’s performance metrics 

across epochs (10 to 50), revealing fluctuations in both 

training and validation accuracy. Starting at 91.16% 

accuracy and 0.3767 loss at the 10th epoch, training 

accuracy rises to 98.80% at the 50th epoch. 

However, validation accuracy shows less consistent 

improvement, peaking at 94.39%. Fluctuations in 

validation loss, reaching 0.2247 at the 50th epoch, suggest 

challenges in generalizing to new data and potential issues 

in model performance. Table IX is considered inferior due 

to the model’s inconsistent accuracy improvement and 

higher validation loss. In contrast, the previous table 

displayed a more stable and superior performance with 

higher training accuracy (99.73% at the 50th epoch), 

minimal training loss (0.0035), and relatively stable, high 

validation accuracy (97.06%) with a lower validation loss 

(0.1649). This indicates better generalization and 

performance on unseen data, making the model in the 

previous table preferable.  

Table IX compares the performance metrics of Adam, 

RMSprop, and Stochastic Gradient Descent (SGD) 

optimizers. Adam outperforms, achieving a remarkable 

training accuracy of 99.83% with low loss (0.0048) and 

high validation accuracy (97.33%, loss 0.1941). Root 

Mean Square Propagation (RMSprop) trails slightly with 

lower training accuracy (98.73%) and higher loss 

(0.03671), resulting in 95.72% validation accuracy and 

0.1948 loss. SGD lags significantly with training accuracy 

at 48.55%, high loss (1.1530), and validation metrics of 

49.49% accuracy and 1.1542 loss. Test accuracy and 

learning rate further support Adam’s superior performance. 

TABLE VII. ACCURACY, LOSS VALUE OF GLDICCNN MODEL TRAINING AND VALIDATION WITHOUT HYPERPARAMETER 

Epochs Training Accuracy (%) Training Loss (%) Validation Accuracy (%) Validation Loss (%) 

10 95.48 12.78 95.99 12.10 
20 97.66 07.18 97.06 10.71 

30 99.30 01.54 97.46 13.20 

40 98.73 03.67 95.99 19.86 
50 99.73 00.35 97.06 16.49 

TABLE VIII. ACCURACY, LOSS VALUE OF GLDICCNN MODEL TRAINING AND VALIDATION WITH HYPERPARAMETER 

Epochs Training Accuracy (%) Training Loss (%) Validation Accuracy (%) Validation Loss (%) 

10 91.16 37.67 78.88 79.02 

20 95.75 19.73 79.55 86.77 

30 97.19 12.56 92.11 29.58 

40 96.02 16.91 91.58 33.03 

50 98.80 7.92 94.39 22.47 

TABLE IX. TRAINING AND VALIDATION ACCURACY AND LOSS FOR ADAM, RMSPROP, AND SGD OPTIMIZERS 

Optimizers Training Accuracy (%) Training Loss (%) Validation Accuracy (%) Validation Loss (%) Test Accuracy (%) Learning Rate 

Adam 99.83 00.48 97.33 19.41 96.38 

0.001 RMSprop 98.73 03.67 95.72 19.48 95.07 
SGD 48.55 01.15 49.49 11.54 53.26 
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Figs. 4−7 show the training and validation accuracy that 

assesses the performance of the proposed model. The 

curves in Figs. 4−7 illustrate the evolution of accuracy 

metrics throughout the training process. The x-axis 

denotes the number of training epochs, while the y-axis 

represents accuracy values. The training accuracy curve 

reveals an initial rise, followed by stabilization, suggesting 

a convergence of the model. 
 

 

Fig. 4. Adam optimizers accuracy and loss. 

 

Fig. 5. RMSprop optimizers accuracy and loss. 

 

Fig. 6. SGD Optimizers accuracy and loss. 

 

Fig. 7. Accuracy and loss after hyperparameter tuning. 
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Notably, fluctuations or plateaus in accuracy may be 

observed, potentially influenced by factors such as 

learning rate and batch size. Concurrently, the validation 

accuracy curve provides insights into the model's 

generalization to unseen data. The examination focuses on 

the correlation between training and validation accuracy, 

aiming to detect potential indicators of overfitting or 

underfitting. Key observations include notable increases 

or decreases in accuracy and the identification of the epoch 

with the highest validation accuracy. The findings gleaned 

from this analysis offer valuable insights into the model’s 

behavior, informing discussions on its overall 

performance [23] and providing a foundation for future 

research and improvements. Supplementary visuals and 

tables are included to enhance the comprehensive 

understanding of the model’s intricacies.  

C. GLDICCNN Classification Report 

Table X shows the classification report and provides a 

detailed summary of the performance of a GLDIC-CNN 

classification model on each class in the groundnut crop 

dataset. The following details the key metrics of the 

classification report. Precision values for classes 0, 1, 2, 3, 

and 4 are 0.99, 0.95, 0.86, 0.99, and 0.99, respectively, 

showcasing high accuracy in positive predictions for each 

class. Recall values for classes 0, 1, 2, 3, and 4 are 0.96, 

0.90, 0.98, 0.99, and 0.98, respectively, indicating the 

model’s effectiveness in capturing actual positive 

instances, with values ranging from 90% to 99%. The 

F1−Scores for classes 0, 1, 2, 3, and 4 are 0.98, 0.92, 0.91, 

0.99, and 0.99, respectively, highlighting a commendable 

balance between precision and recall for each class. 

TABLE X. CLASSIFICATION REPORT OF GLDICCNN 

 
Precision 

(%) 

Recall 

(%) 

F1−Score 

(%) 
Support 

ELS 99 96 98 210 

Healthy 95 90 92 205 

LLS 86 98 91 124 
Rosette 99 99 99 186 

Rust 99 98 99 209 

Accuracy  96 934 
Macro avg. 96 97 96 934 

Weighted avg. 97 96 96 934 

 
Support values for classes 0, 1, 2, 3, and 4 are 210, 205, 

124, 186, and 209 instances, respectively, providing 

insights into the distribution of occurrences across 

different classes in the dataset. The model’s accuracy of 

96% reflects the proportion of correctly predicted 

observations out of the total, offering a comprehensive 

measure of correctness. The precision, recall, F1−Score, 

support, and accuracy values collectively demonstrate the 

model’s ability to make accurate and balanced predictions 

across various classes, providing a comprehensive 

assessment of its performance. 

D. Classification Report of GLDICCNN with 

Hyperparameters 

Table XI shows the classification report with 

hyperparameters.  

TABLE XI. CLASSIFICATION REPORT OF GLDICCNN WITH 

HYPERPARAMETERS 

 
Precision 

(%) 

Recall 

(%) 

F1−Score 

(%) 
Support 

Early Leaf Spot 96 94 95 210 
Healthy 96 87 91 205 

Late Leaf Spot 78 99 88 124 

Rosette 99 91 95 186 
Rust 98 99 99 209 

Accuracy   94 934 

Macro avg. 93 94 94 934 
Weighted avg. 95 94 94 934 

 

These metrics collectively provide a comprehensive 

evaluation of the model’s performance across the specified 

classes. 

E. Confusion Matrix 

Figs. 8 and 9 show that the confusion matrix provides a 

detailed analysis of GLDICPCNN model classification 

accuracy for five categories with and without 

hyperparameter tuning. Analyzing the confusion matrix 

reveals the model’s class-specific performance. For Class 

1, it had 202 True Positives, 8 False Positives, and 3 False 

Negatives. Class 2 showed 185 True Positives, 1 False 

Positive, and 17 False Negatives. In Class 3, 121 True 

Positives were identified with 3 False Positives and no 

False Negatives, highlighting a precision-recall trade-off. 

 

 

Fig. 8. Confusion matrix of GLDICCNN model. 

 

Fig. 9. Confusion matrix of GLDICCNN model with hyperparameter. 
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TABLE XII. COMPARISON OF PROPOSED GLDICCNN MODEL WITH RESNET MODEL  

Sl. No. Pretrained Network Training Accuracy (%) Training Loss (%) Validation Accuracy (%) Validation Loss (%) 

1 GLDICCNN 99.73 00.35 97.06 16.49 

2 ResNet50 98.99 02.46 97.88 11.04 

3 ResNet101 99.26 02.44 97.77 08.11 
4 ResNet152 98.52 03.68 97.01 17.25 

 

For Class 4, the model achieved high precision (184 TP, 

2 False Positives) and zero False Negatives. Class 5 

exhibited exceptional performance with 209 TP, perfect 

precision, and recall. The detailed confusion matrix 

analysis not only calculates standard metrics but also 

offers nuanced insights for refining and optimizing class-

specific predictions, crucial for overall model 

enhancement. This detailed analysis of the confusion 

matrix facilitates a granular evaluation of the model’s 

precision, recall, and accuracy for each class, providing 

valuable insights for further refinement and optimization. 

F. Comparison with Pretrained Models 

The comparison of the proposed model GLDICCNN 

with pre-trained models [24], existing methods, and prior 

research in the domain of groundnut leaf identification, 

classification, and prediction. Table XII detailed the 

comparison of the proposed models, GLDICCNN emerges 

as a strong contender based on its exemplary performance 

metrics. 

The model’s endorsement is rooted in its robust training 

accuracy, successful generalization, and superior 

performance across key metrics, making it a compelling 

choice for diverse deep-learning applications. 

VI. CONCLUSION 

In conclusion, this research demonstrates the 

transformative potential of deep learning, specifically 

CNNs, in revolutionizing groundnut leaf disease 

identification and classification. The GLDICCNN model 

exhibits high accuracy, robust generalization, and 

computational efficiency, offering innovative solutions for 

disease management in agriculture. This work lays the 

foundation for future research and development, providing 

practical tools for disease diagnosis and monitoring to 

enhance the sustainability and productivity of agricultural 

practices. 

The GLDICCNN architecture, with a training accuracy 

of 99.73%, loss of 0.0035, and validation accuracy of 

97.06% with a loss of 0.1649, showcases meticulous 

design and adaptability. The comparison with the ResNet 

family architecture demonstrates the superior performance 

of the proposed model, emphasizing its value over pre-

trained networks. 

Looking forward, future work involves expanding the 

dataset by collecting more diseased images across the 

Pudukkottai district. This will make it easier to enhance 

the accuracy of disease identification, providing farmers 

with accurate diagnostic tools. Implementing 

recommendations derived from these findings aims to 

effectively mitigate diseases, ultimately enhancing 

groundnut yield and contributing to agricultural 

sustainability. 
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