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Abstract 
To enhance crop production and ensure food security as well as reduce excessive use of 
chemical pesticides in the modern farming, it is important to detect potato leaf diseases early 
and precisely. However, environmental changes, the shortcomings of unimodal image based 
techniques, and visual symptom overlap have posed a hard task in disease recognmethition. 
The study offers an intelligent multimodal network of potent segmentation and classification 
of potato leaf diseases. It is constructed on the basis of the Normalized Long-Short Convoluted 
Temporal Attention Network and implemented thereof with a decision support system 
powered by GPT-4. This is aimed at addressing these issues. It has three primary divisions 
namely, the deep visual feature extraction branch (MSC-ResViT), the semantic and textual 
feature learning branch (MSC-TextCNN), and the color-texture representation branch (CT-
CNN). These features are fused and the NLSCTAN classifies them into complex spatial-temporal 
connections. The outcomes of the experiments on the PlantVillage and Potato Leaf Disease 
datasets are promising. The proposed model has 98.2 and 95.6% accuracy rate on the 
PlantVillage and Potato Leaf Disease datasets respectively. The class-wise analysis shows that, 
the F1-score of the Healthy class is 0.95, the Early Blight class is 0.90, and the Late Blight class 
is 0.91. Moreover, the connection with GPT-4 enables the PotatoGPT platform to interpret 
illnesses and give practical treatment guidance in real-time, which can add greater practicality 
to the platform to be applied to precision agriculture. 
Keywords: Potato Leaf Disease Detection, Multimodal Deep Learning, NLSCTAN, GPT-4 
Integration, Precision Agriculture 

 
1. INTRODUCTION 

Potato leaf diseases are a collection of diseases that cause adverse impact on the foliage of potato 
plants and which are caused by a variety of fungi, bacteria and viruses. These diseases are 
manifested with the symptom of leaf discoloration, lesions, spots, wilting, and deformation. 
Typical ones are late blight (infested by Phytophthora infestans) and early blight [1] (Alternaria 
solani), bacterial wilt (Ralstonia solanacearum), and Potato virus Y infections. These diseases may 
cause drastic losses in yield and quality of crops in case these are not detected and treated early, 
which explains why it is necessary to detect and identify them in time. Deep learning has proven 
highly potential in detecting diseases, however, a number of issues concerning the successful 
segmentation and classification of potato leaf diseases still exist. These are the complexity of the 
structure of leaves, the variation in presentation of symptoms and the dearth of high-quality large 
labelled dataset. In addition, the computational capacity required to process the high-resolution 
images of the agriculture industry is a lot of resource, which may become problematic in field 
applications in real-time [2,3]. 
Current deep learning methods of segmentation and classification have a weakness of robustness 
and generalization. Their complexity, which is highly computationally expensive, limits their 
application in the real world, especially in resource-limited agricultural systems, 
misclassification, through the variety of symptoms, and overfitting with small or unbalanced data 
sets all also limit their usefulness. In order to overcome these shortcomings, this study presents 
an elaborate plan of segmentation and categorization of potato leaf disease [4,5]. The applied 
strategy is based on advanced deep learning frameworks, i.e. convolutional neural networks and 
recurrent neural networks to better represent complex patterns of diseases. The study also aims 
to archive and grow existing data in order to have a wide diversity of disease types. New data 
augmentation methods would be used for solving the imbalance of datasets. Moreover, the 
optimization and lightweight creation of the models would also support their implementation in 
real time and low resources environment. By means of these collaborative initiatives, the 
research would come up with a formidable and scalable hybrid deep learning model that 
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enhances the precision and viability of potato disease detection systems significantly, and 
eventually resulting in healthier crops and better agricultural yield [6,7]. 
The application of deep learning methods in plant disease detection has gained interest as 
artificial intelligence continues to grow rapidly [8,9]. Deep learning models can use image 
recognition capabilities for detecting crop pathogens and therefore increase the speed and 
accuracy of detection significantly. These improvements are creating new possibilities in today’s 
farming methods and have a revolutionary impact on the management of diseases. Crop diseases 
are caused by pathogens like bacteria, fungi, pests, and viruses that disturb essential activities of 
plants; it pose a big threat to agriculture globally [10]. These directly influence food production 
with severe effects on the economy and environment. It is estimated that about 60 Among 
different plant health problems, leaf diseases are most efficient in reducing crop productivity 
[11,12]. The potato crop has extremely significant importance for domestic food security as well 
as international trade. Since it is an important staple food, any battle against any disease which 
can affect its quality and quantity becomes highly relevant. Such problems need solutions not only 
for improved agricultural output but also for a more reinforced national economy. 
To solve this problem, a hybrid deep learning framework that contains several deep learning 
models is presented here. Also, a high-level comparison on how approaches to plant disease 
detection have evolved would be given in order to position the proposed framework properly 
within this evolution. The hierarchical comparison of detection systems is shown in Figure 1. This 
method uses a feature fusion strategy to extract rich and diverse deep features for better 
precision and robustness in detecting potato leaf disease [13,14]. The solution aims at improving 
crop quality reduction in disease prevalence plus encouraging sustainable agricultural 
development. 

 
Figure 1: Hierarchical evolution of potato disease detection systems from basic visual models to 

an advanced GPT-4–enabled multimodal framework. 
Deep learning has been extensively used in detecting diseases of potatoes which have brought 
significant improvements in precision agriculture [15-18]. By making use of advanced image 
analysis techniques, researchers are now able to identify more accurately and classify various 
potato diseases thereby improving diagnostic accuracy as well as providing valuable technical 
support to the farmers. Recently developed intelligent algorithms have greatly enhanced 
monitoring and detection capabilities related to plant pests and diseases. Initially, machine 
learning techniques were used for identifying problems like citrus disease. Accurate and effective 
image-based categorization and disease detection in citrus fruits has been made possible by 
advancements in deep learning models, particularly Convolutional Neural Networks. For 
instance, [19] trained a CNN model on a publicly available dataset that contained 87,848 images 
belonging to 58 classes across 25 plant species and disease combinations. The model achieved 
almost perfect performance with an accuracy of recognition equal to 99.59%. Figure 2 shows the 
subtle relationship between the Multimodal AI Model, MSC-ResViT, and its specific task of finding 
plant diseases within the broader context of the research i.e., GPT-4 System. 
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Figure 2: Comparison of AI models for plant disease detection.  

 
Although these studies show great performance on certain datas, these point to a key restriction 
namely the use of visual data only. In practice, it can be a source of misinterpretation such as the 
yellowing of the leaves of citrus under water shortage could be confused with nitrogen shortage 
as these would have similar symptoms. To overcome these difficulties, [20-22] suggested a 
multimodal system that integrates image and text data with noise information to eliminate the 
drawbacks in zero-shot and low-sample learning issues when features of the diseases are not 
visible in the photos or are indefinite. As much as these multimodal approaches are a step in the 
right direction, the previous models had some critical shortcomings such as the inability to 
understand the context, inability to allow user interactivity and being computational intensive. 
This made them unrealistic when it came to mass application by the farmers. In order to address 
these constraints, this study would incorporate recent developments in large language models, 
specifically GPT, to augment the levels of context awareness, the level of user engagement, and 
make the system lightweight and accessible to be applied to real-world farming scenarios. 
The use of Large Language Models (LLMs) in the plant protec- tion practice is becoming 
increasingly common due to the strong potential of such models to process natural language, 
merge information, and conduct intelligent decisions. Qing et al. (2023) in this work proposed a 
new method in the field of agricultural pest and disease recognition, which combines the logical 
image recognition capabilities of GPT-4 with the visual recognition capabilities of the YOLOPC 
network. The model was also made more flexible and effective due to the application of a new 
image-to-text mapping method. This study lays down an excellent foundation and also points 
toward future directions for applying LLMs in intelligent plant pathology diagnosis. Although 
deep learning approaches to potato disease detection have come a long way, there are still gaps 
that remain unaddressed. The complex nature of potato diseases makes it impossible to extract 
all relevant features through visual inspection alone. Most of the literature emphasizes accurate 
classification of disease; very few works offer any practical treatment or control 
recommendations, thus limiting their real-world applicability in agriculture. 
The framework proposed here is a step toward precision agriculture by providing a system for 
early, accurate, and interpretable potato disease diagnosis using simple imaging devices. Such 
systems may help achieve rapid disease surveillance and diagnosis so as to reduce economic 
losses by enabling timely treatment while promoting sustainable farming through the 
minimization of unnecessary chemical spraying. This study describes NLSCTAN combined with 
GPT-4 powered multimodal reasoning as a next-generation approach toward smart crop health 
monitoring that would be scalable, farmer-centric, and adaptable to various field conditions. Here 
are the research objectives as shown below: 

I. To design a robust multimodal deep learning framework based on NLSCTAN that effectively 
integrates visual, textual, and color–texture features for accurate segmentation and 
classification of potato leaf diseases. 
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II. To use the developed image preprocessing, data augmentation, feature fusion and temporal 
attention mechanisms across heterogeneous datasets to increase the accuracy of disease 
detection and generalization. 

III. To assess the performance of the proposed framework on the benchmark datasets (Potato 
Leaf Disease and PlantVillage) through the standard measures of performance, i.e. 
accuracy, precision, recall, and F1-score. 

IV. To create a decision-support system based on GPT-4 (PotatoGPT) that delivers in-real-time 
diagnosis of diseases and real-time recommendations in terms of actionable treatment 
and fertilizer to practice precision agriculture. 

 
2. LITERATURE OF REVIEW 

The recent progress in the deep learning-based image classification models has given potato leaf 
disease detection a new impetus in the level of accuracy. These models consist of convolutional 
neural networks (CNNs), as well as their variations. Bajpai et al. (2024) [23] provided a rather 
strong structure including a BFC module based on distillation. This framework obtained 99% 
accuracy, precision and F1-score with minimal amount of training data as well as strong 
generalization of 95% accuracy on Kannauj dataset. Bhavani et al. (2025) [24] proposed 
DarkPotatoleafNet, a hybrid CNN-Vision Transformer, which enhanced the performance in 
spatial features extraction and high accuracy of 99% with regards to challenges associated with 
generalizability and computational power. The usefulness of CNN-based methods was confirmed 
by Abbas et al. (2024) [25] and Ghosh et al. (2023) [26] on the datasets PlantVillage with the 
reported accuracy over 97% on the multiclass classification of diseases in potatoes and other 
crops. In 2024, Kolluri et al. extended this paradigm to control images in a total of forty-five 
thousand and four hundred forty-six images of fourteen plant species and twenty-six diseases 
with an accuracy of ninety-nine point zero six percent supporting the validity of deep 
convolutional architecture to recognize plant diseases at scale. 
Recent research has discussed multimodal learning and contextual data fusion in order to get 
over the limitation of unimodal image-based systems. A graph-learning-based multimodal feature 
interactive fusion model with visual and textual data input and semantic space encoder and self-
attention graph convolution network as a significant result, with an accuracy of 96.95% on a 
large-scale multimodal dataset (Wu et al. 2025) [28] was proposed. In [29], Nasir et al. proposed 
a multimodal deep learning framework that used EfficientNetB0 to learn how to classify images 
in addition to recurrent neural networks to learn how to predict disease severity when fed 
environment-related data, achieving a 96.40% classification and 99.20% disease severity 
prediction results. Explainable AI tools like LIME and SHAP have led to better interpretability and, 
therefore, make it more applicable to agricultural decision-making. As depicted by Alhammad et 
al. (2025) [30], this is how transfer learning can be used alongside explainable AI to gain higher 
interpretability along with up to 98% test accuracy of potato leaf diseases. 
Its model optimization, severity estimation, and feasibility of its real-world implementation were 
also investigated on a number of occasions. Dame et al. [31] created a CNN-based smartphone 
application that can identify and determine the level of severity of the diseases with 99% disease 
recognition and 96% disease severity accuracy between early and late blight diseases. Zhang et 
al. (2025) [32] optimized the VGG16S by incorporating the global average pooling, CBAM 
attention, and Leaky ReLU activation features and cut the model by a complete tenfold of what 
the original VGG16 had still reached an accuracy of 97.87. Thalor et al. (2024) [33] suggested 
PotatoLeaf Insight System grounded on AI using U-Net to divide the picture and subsequently 
identify the features using VGG19 that resulted in 94% accuracy and the possibility to identify the 
disease at an early stage. All these studies demonstrate that there is indeed a shift of high-
accuracy CNN-based classifiers to optimized multimodal, explainable, and deployment-ready 
intelligent potato leaf disease diagnosis systems. 
Although the current researches have high accuracies, there are still research gaps in the 
diagnosis of potato leaf disease. Majority of methods are overly dependent on single modality 
image representations and thus are not robust to different field conditions like changes in 
illumination, occlusion and background noise. Despite the existence of some multimodal frames, 
there is little evidence of deep semantic interaction amongst visual, textual and contextual 
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knowledge and large language model assisted reasoning remains not well studied. Also, the 
majority of models solely focus on the classification accuracy without considering real-time 
implementation, cross-dataset generalization, and adaptive learning with small samples. Besides, 
explainability is considered more of a post hoc addition instead of a natural part of the diagnostic 
pipeline, which suggests the necessity of coherent, smart, and scalable multimodal systems. 
 

3. RESEARCH METHODOLOGY 
The Figure 2 shows the overall workflow of the proposed architecture used to diagnose the potato 
leaf multimodal disease. Once pictures have been combined between PlantVillage and Potato Leaf 
Disease to provide a more diversified dataset, the picture is prepared with the Adaptive Contrast 
Limited Adaptive Histogram Equalization (CLAHE) technique to enhance the quality of the 
picture. The second phase is to draw statistical features, including variance, entropy, correlation 
and contrast. Using encoder-decoder learning, an autoencoder is used to reduce features in a 
latent space. The model is optimized with a modified walrus optimizer in order to maximize 
profits. Then apply region-based segmentation, including normalization, convolution, attention, 
LSTM and ROI pooling layers. A final step is to perform categorization and fertilizer prescription 
with the help of the Normalized Long-Short Convoluted Temporal Attention Network (NLSCTAN). 

 
Figure 3: Proposed Methodology 

3.1 Dataset Used 
The suggested research makes use of a diverse and non-uniform dataset of potato leaf images 
compiled from a number of open-source resources, including the Potato Leaf Disease Dataset [34] 
and the PlantVillage Dataset [35]. These collections contain high-resolution images of potato 
leaves under various lighting, background, and environmental situations, both healthy and 
diseased. Potatoes can contract early blight, late blight, or healthy leaves, among other common 
leaf diseases. Data is distributed as follows: 70% for training, 15% for validation, and 15% for 
testing in order to strike a balance between the learning process and critical testing. The benefit 
of the combined dataset is that it improves model generalizability to actual field agricultural 
situations, increases data diversity, and minimizes overfitting. You may see the visual differences 
between healthy, early blight, and late blight potato leaf classes in Figure 3. 
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Figure 4: Sample images of healthy and diseased potato leaves from the dataset. 

 
3.2 Image Pre-processing 
In this step, raw pictures of the potato leaf undergo processing in such a manner that ensures that 
these are characterized by uniformity and that they are fit to be analyzed using deep learning. 
Firstly, images are all resized to some predefined spatial resolution to ensure that the size of the 
inputs are all the same and to simplify the computation process by reducing the complexity of the 
computation. Color images are converted to a standard RGB, but their pixel intensity values are 
reduced to some limit (e.g. 0-1) to ensure that model training is more stable. Smoothing or median 
filtering procedures remove the noise and the small artifacts that could have been created in the 
process of capturing the pictures. To this end, contrast enhancement techniques are applied to 
the disease-afflicted regions thereby rendering the comparison of the change in texture and color 
on the leaf surfaces easier. Through cropping or threshold-based segmentation the irregularities 
in the background are minimized to a point where the model can only process the leaf area. The 
preprocessing step has ensured that the features are more pronounced hence enhancing 
convergence and the overall accuracy of the classification. 
 
3.3 Data Augmentation 
Data augmentation is applied to augment the scale and variety of the training set effectively to 
enhance the generalizability of the model and decrease overfitting. Due to the imbalance in the 
number of classes of plant diseases and the small amount of practical samples, the training 
pictures are subject to a wide range of geometric and photometric transformations. These 
changes include, among others, random rotations, horizontal and vertical flipping, as well as 
scaling the latter of which is performed with such small variations that this difference in the size 
of leaves is quite hard to observe. Moreover, the brightness and contrast of the images are altered 
to simulate the different lighting conditions that may be present in the field. Slight noise injection 
is sometimes performed to make the model less sensitive to image distortions. The training set 
only is subjected to augmentation, so that there would be no bias in evaluation. Consequently, the 
model becomes better at recognizing the invariant and discriminatory features of diseases, thus, 
improving classification stability and accuracy. 

 
Figure 5: Data Augmentation 
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3.4 Feature Extraction 
This step involves the extraction of discriminative feature in the pre-processed and augmented 
images of potato leaf through a Color-Texture Convolutional Neural Network (CT-CNN). In 
contrast to a traditional CNN, CT-CNN incorporates directly the color and texture data to improve 
representation of disease-specific features. All the input images I∈R^(H×W×C) are converted to 
color -texture feature maps and subsequently subjected to convolutional layers with the 
production of deep feature maps as : 

𝐹𝑘 = 𝑓(𝑋𝐶𝑇 ∗ 𝑊𝑘 + 𝑏𝑘)                                                   (1) 
Here, 𝑋𝐶𝑇 denotes the combined color–texture representation of the input image, 𝑊𝑘 and 𝑏𝑘 
weights and bias of the 𝑘𝑡ℎ convolutional filter, and 𝑓(⋅) is a nonlinear activation function, 
typically ReLU: 

𝑓(𝑥) = max(0, 𝑥)                                                         (2) 
To reduce spatial dimensionality while preserving salient disease features, pooling operations 
are applied: 

𝑃𝑘 = 𝑚𝑎𝑥𝑝𝑜𝑜𝑙(𝐹𝑥)                                                       (3) 
 

Having a hierarchical convolution-pooling architecture, CT-CNN can capture general features 
such as color variations and texture imperfections as well as more disease-related features such 
as patterns. The last thing is to reduce the deep feature maps into a feature vector which is then 
forwarded to the multimodal fusion and classification stage. 
3.5 Model Classification and GPT-4 Integration 
The Normalized Long-Short Convoluted Temporal Attention Network (NLSCTAN) is one of the 
hybrid deep learning models used to classify feature vectors obtained. Since it is able to model 
complex relationships within the extracted features, the NLSCTAN model is better than those that 
model the complex relationship in the original images. Normalization method enhances the 
stability and effectiveness of learning by integrating a temporal attention method, a sequence of 
convolutional refinement layers, and Long Short-Term Memory (LSTM) networks. The LSTM 
network processes the normalized feature vectors in order to capture the long-term 
dependencies. The network also has a temporal attention mechanism whereby increased 
weighting is laid on the disease relevant features and reducing the weighting of any redundant or 
not very important features. 
The outcomes of the classification and extracted images are transformed into textual 
representations of the data to allow real-time intelligent decisions to be taken. The text 
descriptions are then utilized through the GPT-4 language model to form the PotatoGPT 
diagnostic platform. GPT-4 offers semantic reasoning on multimodal inputs and can be used in 
real-time to identify diseases, recommend treatments, and give advice about fertilizers or 
pesticides, and should be computationally efficient enough to apply in real-world deployments in 
agricultural environments. 
3.6 Model Training and Validation 
The division of the entire set of data into training, validation, and testing is a strong measure to 
guarantee the correct learning and reasonable fairness in assessing performance. The network 
parameters of the model are trained by updating the weights of the network by using a set of 
training data containing pictures of leaves of potatoes with labels of their illness. The model is 
now used to minimize the loss function using optimization and backpropagation. In order to 
adjust hyperparameters and terminate early to prevent overfitting, the validation set is used to 
illustrate how a model performs in the course of training. This helps avoid over mesmerization of 
the training samples on the model by testing it on unknown validation data. You can observe the 
extent to which it generalizes to real-world situations and is applied to fresh data on the testing 
set, which has nothing in common with the training set. To evaluate the objective models 
objectively, the Potato Leaf Disease Dataset has been divided into three subsets, that is, training, 
validation, and testing (70:15:15, as shown in Table 1). 

 
Table 1: Potato Leaf Disease Dataset Split 

Disease 
Class 

Total Images Training 
(70%) 

Validation 
(15%) 

Testing 
(15%) 
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Early Blight 1,000 700 150 150 

Late Blight 1,000 700 150 150 

Healthy 
Leaves 

152 106 23 23 

Total 2,152 1,506 323 323 

 
3.7 Performance Metrices 
Some of the evaluation criteria that were used in the study included F1 score, recall, accuracy and 
precision. In the comparison of performance of the model in all the seven domains, accuracy 
ranked high and above others. Recall determines the capacity of the model to identify all positive 
cases where the precision determines the reduction in the number of false positives. The F1 score 
is a combined measure of recall and precision since it is a geometric mean of the two. In the 
metrics, TP is used to denote cases in which a positive example is correctly predicted as positive, 
FP is used to denote cases in which a negative example is incorrectly predicted as positive, FN is 
used to denote cases in which a positive is incorrectly predicted as negative and TN is used to 
denote cases in which a negative is correctly predicted as negative. Recall, accuracy, precision and 
F1 score values can be calculated with the formula presented below as equations (4)-(7). 

Accuracy =
TN+TP

TP+FN+FP+TN
                                                      (4) 

                                               Precision = 
TP

TP+FP
                      (5) 

               Recall = 
TP

TP+FN
                                                          (6) 

 

                                              F1 score = 
2×precision×recall

recall+precision
                       (7) 

 
4. RESULTS AND DISCUSSION 

4.1 Image Pre-processing Analysis 
Figure 5 depicts the stepwise image pre, processing and segmentation flow that was utilized for 
potato leaf disease analysis. At first, the RGB image of the infected leaf is captured and taken as 
input. After that, the green (G) band is changed from the RGB image in order to raise the contrast 
between the healthy and the diseased parts. Edge detection is operated to show the structural 
boundaries of the lesions, and morphological dilation is used to extend the edges that are broken 
or fragmented. After that, the spaces in the detected edges are filled so that a complete leaf mask 
can be obtained. The background is removed from the original image with the help of this mask, 
thus the leaf region is isolated. At last, the processed image is divided into healthy and diseased 
segments; hence the infected parts are separated from the healthy tissue for precise disease 
identification and subsequent classification. 

 
Captured image 

 
Extracting G band 

from the RGB image 

 
Edge detection 

 
Morphological 

dilation to connect 
edges 
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Filling in the 

blanks in the edge 
image 

 
Removed 

background from 
the original image 

 
Healthy area 
segmentation 

 
Disease area 

segmentation 

Figure 6: Background removal and healthy and disease area segmentation in RGB images 
The figure 6 shows how median filtering affects several potato leaf images taken under different 
disease conditions. For every sample, it presents the original crop image next to the median-
filtered one. Median filtering reduces noise and small artifacts that come with image acquisition, 
keeping important structural details like leaf edges, vein patterns, and areas affected by disease. 
The filtered images have a smoother texture and better visual clarity without losing 
much disease information. This pre-processing step makes the contrast between healthy and 
infected areas more pronounced, allowing for more accurate feature extraction and segmentation 
in later analysis. In general, this figure highlights how crucial median filtering is for enhancing 
image quality to help with robust detection and classification of potato leaf diseases. 

 

 

 
Figure 7: Median filter 
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Figure 7 exhibits qualitative outcomes of the suggested potato leaf disease detection system, 
which aptly identifies the disease situations along with the corresponding corrective 
recommendations. It displays the images of various leaves taken at different stages of diseases, 
along with the predicted disease labels and the advised fertilizer or treatment steps. As a result 
of the diagnosis, suitable corrective measures are recommended to assist the plant to grow 
normally and get well. The pictorial outputs emphasize the devices capability to differentiate 
between healthy and diseased leaves and to give viable instructions for crop management. These 
results signal that the proposed method can do disease detection with higher accuracy and, thus, 
it can lead to better crop growth, less disease, and more efficient use of fertilizers in farming 
situations which exist in the real world. 

 
Figure 8: Leaf status with fertilizer 

 
In figure 8, the proposed PotatoGPT diagnostic tool interface and real-time functionality in plant 
disease detection can be observed. Here, an interactive web interface has been presented, where 
users can upload images of plant leaves instantly. Once the image has been submitted, the system 
works on the given input and reveals the result in terms of detected diseases with confidence 
levels. In the result section, correct detection in regards to Potato Late Blight Disease and Healthy 
Potato Leaf can be seen. Performance metrics like detection rate, processing time, and processed 
images have also been shown in this interface. The main purpose here was to highlight the 
viability and efficient nature of the proposed GPT-4-based multimodal platform towards real-
world plant disease detection solutions. 

 

 
Figure 9: User interface of the PotatoGPT platform demonstrating real-time potato leaf disease 

detection and diagnosis. 
 

4.2 Evaluation of proposed model on Potato leaf disease dataset 
Figure 9 shows the trends in the proposed model's training and validation accuracy across 100 
epochs. Both accuracies are initially approximations of 0.45, indicating a random starting point. 
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The first ten epochs exhibit a fast improvement, with the validation accuracy approaching 0.88 
and the training accuracy reaching approximately 0.90. Epoch 20 shows strong generalizability 
and efficient learning with a validation accuracy of approximately 0.96 and a training accuracy of 
around 0.97. Once researchers pass this point, it can see that both arcs are steadily rising with 
minimal variation. By the end of the last period, both the training and validation accuracy have 
reached nearly 0.99. The two curves' nearness provide credence to the suggested model's 
dependability and robustness, suggesting minimal overfitting. 

 
Figure 10: Training and Validation Accuracy Curve 

 
The suggested model's training and validation losses over 100 epochs are displayed in figure 10. 
Both the training loss and the validation loss are relatively large at the start of the training 
process, about 1.02 and 1.05, respectively. After a sharp drop in the first ten epochs, the training 
loss levels off at about 0.25 and the validation loss at about 0.28. The losses then drop to about 
0.10 and 0.12 at the 20th epoch, respectively. Following that, the plots exhibit a steady and slow 
decline, devoid of any abrupt changes. By the end of the last epoch, Researchers find that the 
validation loss is about 0.04 and the training loss is about 0.03. 

 
Figure 11: Training and Validation Loss Curve 

 
Using data from the Potato Leaf Disease classifications (Healthy, Early Blight, and Late Blight), 
table 2 shows the results of the proposed model's performance study. A high precision(0.95), 
recall(0.96), and F1-score(0.95) indicate that the Healthy class accurately recognizes healthy 
leaves. A recall of 0.89 and an F1-score of 0.90 show that Early Blight is somewhat confused 
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compared to the other classes. At 0.92 and 0.91, Late Blight strikes a good mix between 
performance and recall. Results from 49,736 samples show a total categorization error of 93%. 
Equitable class performance and model robustness in the face of class imbalance are 
demonstrated by the weighted averages of 0.93 and the macro average score of 0.92, respectively. 

 
Table 2: Classification performance of the proposed model on the Potato Leaf Disease dataset 

Class Precision Recall F1-Score Support 
Healthy 0.95 0.96 0.95 18,420 

Early Blight 0.91 0.89 0.90 16,305 
Late Blight 0.92 0.91 0.91 15,011 
Accuracy 0.93 49,736 

Macro Avg 0.93 0.92 0.92 49,736 
Weighted Avg 0.93 0.93 0.93 49,736 

 
4.3 Evaluation of proposed model on Plant Village dataset 
Over the course of 120 epochs, the suggested model's training and validation accuracy patterns 
are shown in figure 11. After the first epoch, the training accuracy jumps from around 0.12 to 0.90 
in the first 20 epochs, and after 40 epochs, it ultimately converges to around 0.99-1.00, indicating 
that the learning process is steady and that the parameters are set optimum. The validation 
accuracy also shows a similar trend with an initial value of about 0.05 and increases to about 0.80 
at the 20th epoch. The validation curve does exhibit fluctuations but the accuracy range is 
consistently between 0.78 and 0.95 for a greater part of the epochs, with the occasional peaks 
close to 0.98. In summary, the model has an average validation accuracy above 0.90 and thus 
confirms its strong generalization ability and robustness alongside no significant overfitting. 

 
Figure 12: Training and Validation Accuracy Curve 

 
Following the 120 epoch training of the PlantVillage dataset, the training and validation loss 
curves of the proposed model are plotted in Figure 12. The initial training loss is approximately 
335 and the initial validation loss is 320 which implies that there exists a high error in prediction 
initially during training. Their speed of minimizing losses is observed in the initial 10 epochs 
wherein the two losses have been minimized to less than 10 which indicates rapid learning and 
effective feature extraction. By the end of the 20th epoch, the losses for training and validation 
have already come down to approximately 2.0 and 1.8 respectively. After 30 epochs, the two 
curves of loss tend to stable around zero, with a slight variation between 0.2 and 1.0 lasting all 
the way to the end of the epoch. This continual convergence shows the presence of stable 
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optimization, the factor of overfitting is negligible, and the model has a very good generalization 
capability on the PlantVillage dataset. 

 
Figure 13: Training and Validation Loss Curve 

 
The Table 3 provides a summary of the proposed model's classification performance across the 
three classes—Healthy, Early Blight, and Late Blight—applied to the PlantVillage dataset. At its 
peak, the Healthy class achieved an almost flawless performance with a precision, recall, and F1-
score of 0.99. The accuracy, recall, and F1-score for Early Blight are 0.98, 0.97, and 0.98, 
respectively, while for Late Blight, these metrics are 0.97, 0.98, and 0.98, respectively, indicating 
a balanced capacity to detect. With 56,735 samples, the overall accuracy of the categorization is 
98%. At 0.98 on both the macro and weighted averages, performance across the board is strong 
and consistent. 

 
Table 3: Performance evaluation of the proposed model on the PlantVillage dataset 

Class Precision Recall F1-Score Support 
Healthy 0.99 0.99 0.99 20,450 

Early Blight 0.98 0.97 0.98 18,320 
Late Blight 0.97 0.98 0.98 17,965 
Accuracy 0.98 56,735 

Macro Avg 0.98 0.98 0.98 56,735 
Weighted Avg 0.98 0.98 0.98 56,735 

 
4.4 Comparison of Proposed Model based on datasets 
Table 4 and bar chart 13 describe the results of testing the proposed model on the two benchmark 
datasets, PlantVillage and Potato Leaf Disease. The model has strong but somewhat inconsistent 
class-wise performance in the real-field with an accuracy of 95.6, a precision of 95.1, a recall of 
94.8, and an F1-score of 95.0 for Potato Leaf Disease. With a precision of 98.0, a recall of 97.9, and 
an F1-score of 98.0, the PlantVillage dataset clearly outperforms the competition. In addition to 
the numerical data, the bar chart showing the continuous growth of all PlantVillage parameters 
provides visual confirmation for these findings. By and large, the results corroborate the 
suggested framework's efficacy and generalizability on the complicated image dataset. 

 
 

Table 4: Comparative performance metrics of the proposed model on Potato Leaf Disease and 
PlantVillage datasets. 

Dataset Name Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
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Potato Leaf Disease Dataset 95.6 95.1 94.8 95.0 
PlantVillage Dataset 98.2 98.0 97.9 98.0 

 
Figure 14: Visual comparison of accuracy, precision, recall, and F1-score for the proposed 

model across two datasets. 
 

4.5 Comparison Analysis of previous study with proposed study 
An analysis of the different models to categorize potato leaf disease is provided in table 5 and a 
bar chart 14 on the basis of different data sets. The accuracy of EfficientNetV2B3 + ViT, also states 
that Sinamenye et al. (2025) claim, on the Potato Leaf Disease data is 85.06, or it is middle of the 
road. The dataset used by Singh et al. (2021) is PlantVillage, and the model used is a multi-class 
SVM, which is more precise at 95.99%. Pasalkar et al. (2023) demonstrate the improved 
performance of CNN model on pictures of potato leaves with 97.4% accuracy. The suggested 
NLSCTAN model presents competitive performance with the maximum accuracy of 95.6% on 
Potato Leaf Disease dataset and the maximum accuracy of 98.2 on the PlantVillage dataset. The 
figure graphically emphasizes high performance of NLSCTAN, which proves its stability and 
efficiency with regard to prevailing practices. 

 
Table 5: Comparison of classification accuracy of existing methods and the proposed NLSCTAN 

model on both datasets. 
Authors Model Datasets Accuracy 

Sinamenye et al., 
(2025) [36] 

EfficientNetV2B3+ViT Potato Leaf Disease 
Dataset 

85.06 

Singh et al., (2021) 

[37] 
Multi-class SVM Plant 

Village Dataset 
95.99 

Pasalkar et al., 
(2023) [38] 

CNN Potato Leaf Images 97.4 

Proposed NLSCTAN Potato Leaf Disease 
Dataset 

95.6 

Proposed NLSCTAN PlantVillage 
Dataset 

98.2 

93

94

95

96

97

98

99

Potato Leaf Disease Dataset PlantVillage Dataset

Accuracy (%)

Precision (%)

Recall (%)

F1-Score (%)
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Figure 15: Accuracy comparison of different machine learning and deep learning models across 

benchmark plant disease datasets. 
 

5. CONCLUSION AND FUTURE SCOPE 
This study is an intelligent and sturdy solution to the problem of identifying diseases in potato 
leaves reliably through a combination of deep learning and big language model-based reasoning. 
In order to remove the shortcomings of traditional unimodal disease detection framework, the 
authors propose multimodal NLSCTAN architecture that integrates visual, textual and color-
texture data. It has been widely tested and proven to be efficient with classification accuracy of 
95.6% and 98.2% on the Potato Leaf Disease dataset and PlantVillage dataset, respectively. Class-
wise evaluation results are reliable even in the harsh lighting, displaying healthy leaf in 
comparison to late and early blight that are serious illnesses. Adding methods of temporal 
attention helps to improve model stability, reduce overfitting, and cross-dataset generalizability. 
Having GPT-4 integrated into the PotatoGPT framework, it can not only classify something but 
also offer real-time disease diagnosis and treatment suggestions, which makes the system much 
more useful in an agricultural context. By helping farmers to make informed decisions and reduce 
crop losses through early diagnosis of the disease and it helps in crop health management that is 
sustainable and technology-based hence aiding in precision agriculture. It also contributes to the 
minimization of pesticide usage which is wasteful. The use of the proposed architecture in the 
real-time field deployment with the edge and mobile-based platforms to work with the situation 
involving multiple crops and diseases become the main concern of the future work. 
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