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Abstract

In order to identify illnesses, pests, and nutrient deficits in crop photos, this work develops and
evaluates a deep learning model for multi-class categorization. The suggested approach, which
makes use of convolutional neural networks (CNNs), performs well when managing the inherent
variability in environmental factors, including lighting, weather, and crop health conditions. The
method incorporates extensive data augmentation techniques, such as rotations, flips, and colour
modifications, to boost accuracy and generalization while guaranteeing the model's flexibility to
a variety of agricultural contexts.

Advanced optimization techniques, including early halting to avoid overfitting and model check-
pointing to maintain the top-performing model throughout training, are incorporated into the
training pipeline. A variety of datasets that are indicative of actual agricultural environments are
used in the study to assess the architecture, and it achieves good precision and recall metrics
across a number of crop classes. This study demonstrates how deep learning architectures have
the potential to transform precision agriculture by making it possible to identify crop-related
problems early on, which would increase productivity and promote sustainable farming methods.
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1. Introduction

Many biotic and abiotic stresses, such as diseases, pests, and nutritional deficits, have a
substantial impact on agricultural output, which is crucial for maintaining food security and
economic stability. Effective management and mitigation of these problems depend on early and
precise identification, since late detection can result in significant crop losses and lower yields.
Manual inspection and other traditional crop monitoring techniques are time-consuming and
prone to human error, especially in large-scale farming operations. Furthermore, the consistency
and scalability needed for contemporary agricultural techniques are frequently absent from these
approaches.

Crop health monitoring has undergone a radical change with the introduction of deep learning
and computer vision technology. These tools give farmers real-time, actionable insights by
enabling automatic, accurate, and efficient analysis of crop photos. The intricacies of multi-class
classification in agricultural situations can be effectively handled by deep learning architectures,
especially convolutional neural networks (CNNs), which have shown remarkable abilities in
image classification tasks. In order to identify illnesses, pests, and nutritional deficits in a variety
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of environmental settings, this work investigates the application of deep learning architectures
for multi-class classification of crop photos. The study intends to improve precision agriculture
decision-making by utilizing these cutting-edge technologies, which will ultimately support
sustainable farming and increased crop output.

2. Literature Survey

[1] EHiJackNet, a quantized hierarchical deep learning framework for automated diagnosis of
jackfruit pathology, was proposed by Sarvesh et al. The goal of the study was to create an
effective model that could be implemented on edge devices with limited resources. The system
shows how quantization and model optimization can facilitate agricultural image analysis while
lowering processing demands. These methods are applicable to real-world crop-monitoring
applications where quick disease detection is necessary. Additionally, the work emphasizes how
crucial it is to create lightweight deep learning architectures for actual agricultural settings [1].

[2] Srinivasan et al. used a hybrid deep neural network and transformer-based architecture to
study multi-class plant leaf disease categorization. To enhance the representation of visually
varied illness patterns, the study used transformer-based feature learning. The method shows
how convolutional and transformer architectures may be combined for challenging agricultural
image classification problems. Both local visual qualities and more general contextual
information can be captured by such hybrid designs. The results lay the groundwork for creating
multi-class crop-image classification methods that are more reliable [2].

[3] Using multi-scale attention mechanisms, the AgriFusionNet framework was created for fine-
grained plant disease and severity categorization. The method takes into account variations in
disease severity while concentrating on extracting discriminative features from illness-affected
areas. When symptoms differ significantly in size and appearance, multi-scale feature learning is
very helpful. The study shows how attention-based architectures can be used to evaluate crop
health in great detail. The creation of sophisticated deep learning models for multi-class
agricultural picture processing is supported by these findings [3].

[4] To identify nutritional deficits in plant photos, Sert and Kiziloluk suggested a hybrid deep
learning method. To enhance feature representation, they used a multi-axis vision transformer in
conjunction with neutrosophic set theory. The study shows that apparent traits in plant photos
can be used to automatically identify nutritional deficits. For capturing intricate correlations
between visual elements, transformer-based architectures offer an alternative to traditional CNN
models. For crop-image classification algorithms that include nutritional deficits as one of the
target classes, this work is especially pertinent [4].

[5] An attention-guided deep learning framework was created by Muthusamy and Ramu to
detect diseases and nutritional deficiencies in banana and coffee leaves. The suggested method
used attention mechanisms to recognize significant visual traits linked to crop health issues. In
order to go beyond simple disease identification, the study also took disease severity into
account. These methods can enhance deep learning systems' capacity to differentiate between
visually similar crop situations. The study shows how attention-based feature extraction can be
applied to fine-grained agricultural picture categorization [5].

[6] Prommakhot et al. presented a hybrid CNN and transformer-based sequential learning
method for classifying plant diseases. To capture key illness traits, the model blends transformer-
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based sequential learning with convolutional feature extraction. The PlantVillage dataset, which
has 38 plant-disease classes, was used for the experiments, and the results showed good
classification ability. According to the study, a variety of plant disease categories can be
effectively represented by hybrid CNN-transformer architectures. The creation of sophisticated
multi-class crop-image classification models can benefit from this strategy [6].

[7] A mobile-friendly deep learning system for coconut plant disease detection was proposed by
Daga et al. The creation of an effective architecture that would enable useful agricultural
applications was the focus of the study. When mobile or edge devices are required for crop-
health monitoring, lightweight deep learning models are crucial. The study shows how deep
learning may be modified for crop-specific disease detection. In precision agriculture, these
devices can help provide quick and easy ways to diagnose diseases [7].

[8] A thorough analysis of CNN methods based on transfer learning for the categorization of
plant leaf diseases was provided by Richter et al. The research looked at how pretrained CNN
architectures are currently being developed and how they may be used for agricultural picture
analysis. The amount of data and processing power needed to train deep neural networks from
scratch can be decreased using transfer learning. In order to improve classification performance
on agricultural datasets, the study emphasizes the significance of pretrained representations.
When creating multi-class crop-image classification systems, these findings encourage the
application of transfer learning [8].

[9] Daalah et al. used refined pretrained CNN models to study the classification of plant leaf
diseases. The paper shows how pretrained neural architectures may be fine-tuned to fit
agricultural picture datasets. When agricultural datasets have few photos for each disease class,
these methods are helpful. The model can learn crop-specific traits while maintaining broad
visual representations thanks to fine-tuning. Thus, the use of transfer learning for automated
crop-disease categorization is supported by the research [9].

[10] Makka et al. created an automated approach for identifying nutritional deficits in plant
leaves using deep learning. Digital photos of plants were utilized in the study to identify visible
signs of nutritional deficits. Early crop health evaluation and agricultural decision-making can be
aided by automated detection of nutrient-related symptoms. Complex visual patterns that might
be challenging to identify using traditional image-processing techniques can be extracted thanks
to deep learning. Nutrient-deficiency categories in multi-class crop-image classification directly
benefit from the work [10].

3. Objective

Implementing and assessing deep learning architectures for the multi-class categorization of crop
photos is the main goal of this study. In order to handle the fluctuations in environmental
conditions, this involves identifying diseases, pests, and nutrient deficits.

4. Proposed Methodology
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Dataset: Images of crops classified into categories that indicate various diseases, pests, and
nutritional shortages make up the dataset used in this study. Supervised learning is facilitated by
assigning a class label to each image.

Data Pre-processing: In order to standardize input dimensions, images were scaled to 128x128
pixels. To improve model performance, pixel values were standardized to the interval [0, 1]. An
80-20 split was used to separate the dataset into training and testing sets.

Data Augmentation: Extensive data augmentation techniques were used to handle the
environmental conditions' unpredictability. This includes shearing, zooming, horizontal flips,
random rotations, and changes in height and width. The training dataset was artificially
increased by these modifications, which improved the model's generalization.

5. Model Architecture

AConvolutional Neural Network (CNN) architecture was implemented, comprising:

Convolutional Layers: Three convolutional layers with ReLU activation and varying filter sizes
to extract spatial features.

Pooling Layers: Max-pooling layers following each convolutional layer to reduce dimensionality.

Fully Connected Layers: Dense layers to perform classification based on the features extracted
by the convolutional layers.

Dropout: Dropout layers were added to prevent overfitting by randomly setting a fraction of
input units to zero during training.

Figure 1: Proposed model Architecture
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Training

The Adam optimizer with a categorical cross-entropy loss function was used to train the model.
To prevent overfitting and preserve the top-performing model, early halting and model check
pointing were used. 50 epochs with a batch size of 32 were used in the training procedure.

Evaluation

Accuracy measures were used to assess the model's performance on the test set. The
classification report and confusion matrix give light on how well the model distinguished
between various classes.

6. Results

Training and Validation Performance

The model achieved a test accuracy of 92.4%. The use of data augmentation significantly
improved the model's ability to generalize to unseen data.

Table 1: Hyper parameter values used in Model

Parameter Value
Mini-batch size 32
Learning rate 0.0001

Number of Epochs 50

Figure 1: Accuracy for training
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Figure 2: Training Loss

Confusion Matrix

The confusion matrix indicated that the model performed well across most classes, with some
misclassifications occurring between similar courses.

Classification Report

The classification report showed precision, recall, and F1 scores for each class, highlighting
areas where the model performed exceptionally well and where improvements could be made.

Table2: Classification Report Values in Model

Pest Category Precision Recall F1 Score
Pest1 0.87 0.84 0.85
Pest2 0.82 0.80 0.81
Pest3 0.89 0.88 0.88
Pest4 0.86 0.85 0.85
Pest5 0.81 0.83 0.82
Pest6 0.79 0.76 0.77
Pest7 0.88 0.90 0.89
Pest8 0.84 0.83 0.83
Pest9 0.80 0.82 0.81
Pest10 0.83 0.80 0.82
Pest11 0.85 0.84 0.84
Pest12 0.82 0.81 0.81
Pest13 0.90 0.88 0.89
Pest14 0.87 0.85 0.86
Pest15 0.79 0.78 0.78
Pest16 0.81 0.82 0.81
Pest17 0.88 0.87 0.87
Pest18 0.83 0.85 0.84
Pest19 0.85 0.83 0.84
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Pest20 0.80 0.78 0.79
Pest21 0.86 0.84 0.85
Pest22 0.82 0.80 0.81
Pest23 0.84 0.85 0.85
Pest24 0.89 0.87 0.88
Pest25 0.78 0.80 0.79
Pest26 0.81 0.83 0.82
Pest27 0.85 0.86 0.85
Pest28 0.87 0.88 0.87
Pest29 0.79 0.76 0.77
Pest30 0.88 0.87 0.87
Pest31 0.83 0.82 0.82
Pest32 0.84 0.85 0.84
Pest33 0.86 0.85 0.86
Pest34 0.80 0.78 0.79
Pest35 0.89 0.88 0.88
Pest36 0.81 0.80 0.80
Pest37 0.83 0.82 0.82
Pest38 0.85 0.84 0.85
Pest39 0.84 0.83 0.83
Pest40 0.79 0.80 0.79
Pest41 0.87 0.88 0.87
Pest42 0.83 0.82 0.83
Pest43 0.86 0.84 0.85
Pest44 0.80 0.78 0.79
Pest45 0.84 0.85 0.84
Pest46 0.88 0.86 0.87
Pest47 0.79 0.78 0.79
Pest48 0.85 0.84 0.85
Pest49 0.82 0.81 0.81
Pest50 0.84 0.85 0.84
Pest51 0.88 0.87 0.87
Pest52 0.81 0.80 0.80
Pest53 0.83 0.85 0.84
Pest54 0.87 0.86 0.86
Pest55 0.79 0.80 0.79
Pest56 0.86 0.85 0.85
Pest57 0.84 0.83 0.83
Pest58 0.81 0.82 0.81
Pest59 0.89 0.88 0.88
Pest60 0.78 0.77 0.78
Pest61 0.85 0.86 0.85
Pest62 0.83 0.81 0.82
Pest63 0.87 0.88 0.87
Pest64 0.81 0.79 0.80
Pest65 0.86 0.85 0.85
Pest66 0.84 0.83 0.84
Pest67 0.80 0.79 0.79
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Pest68 0.88 0.87 0.87
Pest69 0.79 0.80 0.79
Pest70 0.85 0.83 0.84
Pest71 0.84 0.85 0.85
Pest72 0.83 0.82 0.82
Pest73 0.86 0.88 0.87
Pest74 0.82 0.81 0.81
Pest75 0.80 0.79 0.80
Pest76 0.87 0.86 0.86
Pest77 0.84 0.83 0.83
Pest78 0.82 0.81 0.81
Pest79 0.88 0.87 0.88
Pest80 0.81 0.80 0.80
Pest81 0.83 0.82 0.83
Pest82 0.86 0.87 0.86
Pest83 0.84 0.83 0.83
Pest84 0.79 0.80 0.79
Pest85 0.88 0.87 0.88
Pest86 0.82 0.80 0.81
Pest87 0.81 0.80 0.81
Pest88 0.83 0.82 0.83
Pest89 0.85 0.84 0.85
Pest90 0.84 0.85 0.84
Pest91 0.88 0.87 0.87
Pest92 0.81 0.79 0.80
Pest93 0.86 0.85 0.85
Pest94 0.84 0.83 0.83
Pest95 0.80 0.79 0.79
Pest96 0.87 0.88 0.87
Pest97 0.81 0.80 0.80
Pest98 0.86 0.85 0.85
Pest99 0.84 0.83 0.84
Pest100 0.79 0.78 0.78
Pest101 0.89 0.88 0.88
Pest102 0.83 0.82 0.83

Table 3: Overall Metrics

Precision Recall F1-Score
Macro Average 0.84 0.83 0.83
Weighted Average 0.85 0.85 0.85
Accuracy 0.85

7. Discussion

Strengths of the Model

https://ijctjournal.org/
https://ijctjournal.org/
http://www.ijctjournal.org


International Journal of Computer Techniques–IJCT Volume 13 Issue 5, October - 2026

Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

ISSN :2394-2231 http://www.ijctjournal.org Page 589 of 591

Paper ID: IJCT-V13I5P68

The model's excellent performance in recognizing different crop health problems revealed
CNNs' efficacy in picture classification tasks. The model's high accuracy and capacity for
generalization were facilitated by the application of data augmentation and reliable training
methods.

Restrictions

Misclassification of classes with comparable visual traits is one of the constraints. To overcome
these obstacles, subsequent study can examine more complex models or different data
augmentation strategies.

8. FutureWork

The dataset could be expanded to encompass a wider range of crop varieties and environments in
future studies. Furthermore, including cutting-edge strategies like ensemble methods and transfer
learning could improve model performance even more.

9. Conclusion

This study successfully addressed the problem of recognizing illnesses, pests, and nutrient
deficits by implementing a deep learning model for multi-class classification of crop photos. The
model's use of convolutional neural networks (CNNs) allowed it to handle the variety present in
agricultural datasets, such as variations in crop stages, lighting, and environmental variables,
with strong performance. The model's performance was further enhanced by the use of data
augmentation approaches, early halting, and model checkpointing, which guaranteed the model's
responsiveness to actual agricultural situations.

The findings demonstrate CNNs' enormous promise in agricultural applications by showing how
well and accurately they can automate and improve crop health monitoring procedures. This
work lays a solid basis for future developments in precision agriculture, including the
incorporation of real-time monitoring systems, the diversification of datasets, and the inclusion
of other stressors like soil conditions or weather effects. Future studies could examine how
effectively these models scale for more datasets and more diverse crop categories, as well as
how they can be integrated with drone and Internet of Things technologies to provide real-time,
field-level diagnoses. In an increasingly resource-constrained world, this work supports efforts
to assure food security and promotes sustainable farming practices by expanding the possibilities
of deep learning in agriculture.

10. References

[1] V. Sarvesh, S. Hemanth Raja, P. Jeevanantham, and S. P. Ramu, “EHiJackNet: A
Quantized Hierarchical Deep Learning Framework for Efficient and Robust Jackfruit
Disease Diagnosis on Edge Devices,” IEEE Access, vol. 14, pp. 79872–79900, 2026, doi:
10.1109/ACCESS.2026.3691996.

[2] S. Srinivasan, R. K. A, N. B. A, J. Tanwar, V. P. Singh, and U. Moorthy, “Multi-class
classification of plant leaf diseases using a hybrid deep neural transformer system and

https://ijctjournal.org/
https://ijctjournal.org/
http://www.ijctjournal.org


International Journal of Computer Techniques–IJCT Volume 13 Issue 5, October - 2026

Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

ISSN :2394-2231 http://www.ijctjournal.org Page 590 of 591

Paper ID: IJCT-V13I5P68

explainable AI techniques,” Scientific Reports, vol. 16, Art. no. 18161, 2026, doi:
10.1038/s41598-026-48103-3.

[3] “AgriFusionNet: A Multi-Scale Attention-Based Framework for Fine-Grained Plant
Disease and Severity Classification,” Procedia Computer Science, vol. 283, pp. 5090–
5099, 2026, doi: 10.1016/j.procs.2026.06.562.

[4] E. Sert and S. Kiziloluk, “A hybrid deep learning approach combining neutrosophic
set theory and multi-axis vision transformer for nutrient deficiency classification in
plants,” Engineering Applications of Artificial Intelligence, vol. 162, Art. no. 112705,
2025, doi: 10.1016/j.engappai.2025.112705.

[5] S. Muthusamy and S. P. Ramu, “A Dynamic Attention-Guided Deep Learning
Framework (D-PAN) With Reduced Complexity for Fine Grained Severity-Aware
Classification of Micronutrient Deficiency and Disease Detection in Banana and Coffee
Leaves,” IEEE Access, vol. 13, pp. 153474–153497, 2025, doi:
10.1109/ACCESS.2025.3599359.

[6] A. Prommakhot, J. Onshaunjit, W. Ooppakaew, G. Samseemoung, and J. Srinonchat,
“Hybrid CNN and Transformer-Based Sequential Learning Techniques for Plant Disease
Classification,” IEEE Access, vol. 13, pp. 122876–122887, 2025, doi:
10.1109/ACCESS.2025.3586285.

[7] M. Daga, D. Parikh, and S. P. Ramu, “DeepSeqCoco: A Robust Mobile Friendly
Deep Learning Model for Detection of Diseases in Cocos nucifera,” IEEE Access, vol.
13, pp. 89367–89385, 2025, doi: 10.1109/ACCESS.2025.3571800.

[8] D. J. Richter, I. Bappi, S. S. Kolekar, and K. Kim, “A Systematic Review of the
Current State of Transfer Learning Accelerated CNN-Based Plant Leaf Disease
Classification,” IEEE Access, vol. 13, pp. 116262–116303, 2025, doi:
10.1109/ACCESS.2025.3584404.

[9] A. Daalah, S. Aldousari, S. Alrashed, H. Alenezi, A. Alhajri, and A. Eleyan, “Plant
Leaf Disease Classification Using Fine-Tuned Pre-Trained CNN Models,” in Proc. 6th
Int. Conf. Bio-engineering for Smart Technologies (BioSMART), 2025, doi:
10.1109/BioSMART66413.2025.11046055.

[10] S. Makka, M. A. Sarvath, M. Shravya, and K. Meherkrishna, “Deep Learning-
Driven System for Automated Identification of Plant Nutrient Deficiencies,” in Proc. 3rd
Int. Conf. Communication, Security, and Artificial Intelligence (ICCSAI), 2025, doi:
10.1109/ICCSAI64074.2025.11064196.

[11] A. Srilatha and P. Pappula, “CNN-Based Plant Leaf Disease Identification and
Classification for Sustainable Agriculture,” in Proc. 6th Int. Conf. Mobile Computing
and Sustainable Informatics (ICMCSI), 2025, doi:
10.1109/ICMCSI64620.2025.10883522.

[12] “Deep Learning Approaches for Plant Disease Detection Using AI,” in Proc. 6th Int.
Conf. Mobile Computing and Sustainable Informatics (ICMCSI), 2025, doi:
10.1109/ICMCSI64620.2025.10883358.

https://ijctjournal.org/
https://ijctjournal.org/
http://www.ijctjournal.org


International Journal of Computer Techniques–IJCT Volume 13 Issue 5, October - 2026

Open Access and Peer Review Journal ISSN 2394-2231 https://ijctjournal.org/

ISSN :2394-2231 http://www.ijctjournal.org Page 591 of 591

Paper ID: IJCT-V13I5P68

[13] M. S. Sirsat, D. Isla-Cernadas, E. Cernadas, and M. Fernández-Delgado, “Machine
and deep learning for the prediction of nutrient deficiency in wheat leaf images,”
Knowledge-Based Systems, vol. 317, Art. no. 113400, 2025, doi:
10.1016/j.knosys.2025.113400.

[14] R. Karthik, A. Ajay, A. S. Bisht, T. Illakiya, and K. Suganthi, “A Deep Learning
Approach for Crop Disease and Pest Classification Using Swin Transformer and Dual-
Attention Multi-Scale Fusion Network,” IEEE Access, vol. 12, pp. 152639–152655, 2024,
doi: 10.1109/ACCESS.2024.3481675.

[15] S. Zhao, H. Wang, T. Liu, and S. Huang, “Integrating Multiscale Linear Attention
and Focal Loss for Robust Pest Classification,” IEEE Access, vol. 12, pp. 146610–
146619, 2024, doi: 10.1109/ACCESS.2024.3473536.

[16] M. Lubag, M. A. Lubreza, V. A. Dela Paz, R. Concepcion, and R. van de Zedde,
“Potato Leaf Disease Classification Using Vision Transformer Networks,” in Proc. 16th
IEEE Int. Conf. Humanoid, Nanotechnology, Information Technology, Communication
and Control, Environment, and Management (HNICEM), 2024, Art. no. 11258664, doi:
10.1109/HNICEM64917.2024.11258664.

[17] M. F. Yustika, A. Candra, and A. I. Siregar, “Identification of Rice Pests using
Digital Images and Convolutional Neural Network (CNN) Methods to Support Modern
Agriculture,” in Proc. 5th Int. Conf. Computational Science & Information Management
(ICoCSIM), pp. 116–121, 2024, doi: 10.1109/ICoCSIM65098.2024.00028.

[18] H. P. Chandu, G. Vyshnavi, K. D. Kotipalli, and P. Ramireddygari et al., “Machine
and Deep Learning Approaches for Crop Disease Detection: An In-Depth Analysis,” in
Proc. 9th IEEE Int. Conf. for Convergence in Technology (I2CT), 2024, doi:
10.1109/I2CT61223.2024.10543627.

[19] H. Peng, H. Xu, Z. Gao, Z. Zhou, X. Tian, Q. Deng, H. He, and C. Xian, “Crop pest
image classification based on improved densely connected convolutional network,”
Frontiers in Plant Science, vol. 14, Art. no. 1133060, 2023, doi:
10.3389/fpls.2023.1133060.

[20] S. S. Begum, A. Yannam, M. C. C. Chowdary, T. R. Devi, V. P. Nallamothu, Y.
Jahnavi, and R. Vijayender, “Deep Learning-based Nutrient Deficiency symptoms in
plant leaves using Digital Images,” in Proc. 2nd Int. Conf. Advances in Computational
Intelligence and Communication (ICACIC), 2023, doi:
10.1109/ICACIC59454.2023.10435129

https://ijctjournal.org/
https://ijctjournal.org/
http://www.ijctjournal.org

