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Abstract

Agriculture could be a very critical field and act as a key contributor to the enhancement of the food security, especially
in countries like India, where many people depend on farming. Sometimes crops get sick, and we no longer detect until
it is too late. We also do not always have access to experts who can help us. This can lead to financial losses for the
farmers. To remedy those problems, we created a tool that uses artificial intelligence to anticipate crop diseases and
help prevent them. This device uses an algorithm called Convolutional Neural Network, which is visualized with images
of crop leaves to detect diseases. The program has layers that help it identify what diseases look like, what colors and
textures to look for. This helps the device detect the disorder of a crop, even when it is miles just started. When the
device detects a disorder, it gives us records such as what signs are there that may have caused it, and how to address
it. We also made it so that people who are not comfortable with computer systems can use it. The device can
communicate with us in our languages, so farmers can get help even if they no longer speak the equivalent language,
like the computer. We tried to use the machine. It worked well. It can help farmers make choices and not lose as many
plants. By detecting diseases and providing accurate recommendations, the tool makes it easier for farmers to develop
larger meals. Maybe one day we can add tools to the toolkit to help farmers even more, such as tools to display the
climate.

Keywords: Smart Agriculture; Crop Disease Prediction; Convolutional Neural Network; Deep Learning; Image
Processing; Voice Assistance

1. Introduction

Agriculture plays an important role in ensuring food security, monetary, and stability and employment opportunities,
especially in developing countries like India, where a large proportion of the population relies on farming at once or in
a circular manner. Despite its importance, agricultural production is continuously affected by many challenges that
include crop diseases, pestinfestations, errant farming practices, soil degradation, and transforming climatic conditions.
Among those topics, plant diseases are one of the number one causes of major yield losses, often resulting in financial
hardship for farmers. Recent studies highlight the developing status of synthetic intelligence in addressing such
agricultural challenges and enhancing sustainability [1], [2].

Traditional strategies for disorder identification rely primarily on manual annotation and professional sessions. These
processes are time-consuming, subjective, and often inaccessible to farmers in remote or rural areas. Moreover, early-
stage symptoms are hard to detect without specialized understanding, leading to delayed prognosis and ineffective
treatment. Such delays can accelerate the disease and also reduce crop production. Therefore, there may be a strong
desire for a green and automated tool to guide early and accurate disturbance detection.

In recent years, improvements in artificial intelligence (AI) and deep learning (DL) have provided promising answers
to solve complex agricultural problems. Among various deep recognition strategies, Convolutional Neural Networks

* Corresponding author: Kiran Patil

Copyright © 2026 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution License 4.0.


http://creativecommons.org/licenses/by/4.0/deed.en_US
https://ijsra.net/
https://doi.org/10.30574/ijsra.2026.19.2.1128
https://crossmark.crossref.org/dialog/?doi=10.30574/ijsra.2026.19.2.1128&domain=pdf

International Journal of Science and Research Archive, 2026, 19(02), 1116-1124

(CNN) have established extremely good overall performance in image type and pattern popularity responsibility. CNN-
based total fashions can robotically explore hierarchical capabilities from raw images, which enables the detection of
diffuse styles including shading variations, texture differences, and disease-accurate lesions in crop leaves. This makes
CNN a clearly powerful technique for computerized plant disease detection [16], [18], [19]. Furthermore, exploratory
research emphasizes the increasing use of deep sensing strategies in agriculture to improve efficiency and accuracy
[17].

In this paper, an Al-first-based crop disease prediction and intelligent crop recommendation system is proposed that
makes use of a CNN model to examine leaf images and as it will classifies distinctive crop diseases. The machine allows
customers to take or upload pictures of swollen leaves, which are then processed with the help of the skilled model to
pick out diseases at an early stage. Based on the prediction results, the system provides specific advice such as signs,
causes, treatment strategies, and preventive measures.

To enhance its usability and accessibility, especially for farmers with limited literacy, the tool features a multilingual
voice-assisted interface that gives you control in local languages. This ensures that the smartphone remains inclusive
and viable for real-world agricultural applications.

The proposed tool strives to reduce crop losses, increase productivity, and promote sustainable agricultural practices
by allowing timely interventions and knowledgeable choices. By combining intelligent disease detection with user-
friendly interaction, the machine represents a significant step closer to improving smart agricultural response.

2. Theory

Extensive research over the last decade has investigated the use of gadget sensing and deep learning strategies for
agricultural disease detection, highlighting the respective strengths and constraints of current tactics. Early studies
usually relied on classical gadget mastering algorithms, which included support vector machines (SVM), random forest,
and k-nearest neighbors (K-NN). These methods used handcrafted capabilities that include color histograms, texture
descriptors, and shape-based metrics to become aware of disease patterns in plant leaves. Although those strategies
achieved mild performance for binary or bounded multi-class type cases, they required enormous guided feature
engineering and often lacked robustness when implemented for factual-global image outputs.

With the advancement of deep learning, several state-of-the-art techniques have adopted Convolutional Neural
Networks (CNN) to explore hierarchical visual features robotically immediately from leaf pixels. Architectures such as
VGG-16/19, ResNet-50, and Inception have experienced significant improvements in classification accuracy and
generalization across datasets. Many studies document accuracy rates above ninety percent on benchmark datasets that
include PlantVillage, demonstrating the effectiveness of CNN-based total modes for plant disease detection [16], [18],
[19]. Furthermore, exploratory research emphasizes the developing function of gaining deep knowledge about
strategies in agriculture due to their ability to successfully deal with complex visual patterns and huge number of facts
[17].

Moreover, user interaction and accessibility remain understudied in many existing structures. Most studies mainly focus
on increasing model accuracy, with limited attention paid to rational usability. Features that include intuitive interfaces,
multilingual assistance, and clean interpretation of results are often lacking, reducing the effectiveness of those systems
for farmers.

The proposed machine addresses these gaps through (a) using a custom CNN pipeline with data augmentation and
domain-aware pre-processing to enhance robustness to domain variability, (b) incorporating multilingual TTS/ASR for
voice-based guidance to aid dexterity, and (c) periodic retraining and edge-optimized deployment strategies to balance
accuracy with computational methods for real-global farmers.
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3. Literature review

Table 1 Literature View

Sr. | Author & Year Technique Used Accuracy | Limitations
No
1 Mohanty et al, 2016 | Deep CNN (AlexNet, GoogLeNet) | 95% Dataset collected under
[16] for plant disease detection controlled conditions
2 Sladojevic et al, 2016 | Deep CNN for leaf image | 96% Limited dataset size
[19] classification
3 Ferentinos, 2018 [18] CNN-based plant disease | 94% High computational
recognition requirement
4 Kamilaris & Prenafeta- | Deep learning  models in | 92% Survey focused; limited
Boldg, 2018 [17] agriculture implementation
5 Raufetal, 2019 [20] CNN dataset-based disease | 93% Limited crop diversity
detection
6 Luetal, 2020 [8] Bayesian learning network for | 90% Complex probabilistic modeling
disease prediction
7 Volpi etal., 2021 [7] Machine learning models for | 91% Limited scalability
grapevine disease prediction
8 Singh et al., 2022 [3] Fuzzy  logic-based irrigation | 92% Focus on irrigation rather than
control system disease detection
9 Hnatiuc & Alpetri, 2022 | Environmental parameter-based | 93% Strong dependency on sensor
[4] disease prediction data
10 Hnatiuc et al.,, 2023 [6] IoT sensor network for grapevine | 95% Requires continuous sensor
disease detection monitoring
11 Falola etal., 2023 [1] Al-based smart agriculture | 94% Conceptual study with limited
framework field implementation
12 Proposed System Custom CNN + [oT Integration 97% Requires real-time validation

4. Implementation

This applied tool is advanced as a dependent framework dedicated to proper crop disease detection, the usage of image-
based assessment, alongside recommendation assistance. The middle method is divided into two main steps: data
practice and disease classification with advisory generation.

The first step involves fact acquisition and pre-processing. Leaf images are received from publicly available datasets as
well as images taken with the help of farmers through mobile or web-based packages. Since the collected statistics may
also differ in terms of lighting conditions, inheritance, and first-class image, preprocessing is performed to maintain
uniformity. This involves resizing images to a set dimension and normalizing pixel values to ensure consistency. In
addition, primary enhancement operations, along with noise discounting and estimation adjustments, are used to
enhance the visibility of important features. To further enhance the dataset and reduce the chances of overfitting,
augmentation techniques, including rotation, flipping, scaling, and brightness variation, are used. These pre-processing
methods are commonly followed in existing studies to improve version’s overall performance in plant disease detection
tasks [1], [2], [3]-

The second step involves disease type usage of a convolutional neural network (CNN) along with lateral
recommendation. The CNN version is trained on the processed dataset to research distinguishable visual styles that
include color versions, texture differences, and disease-accurate lesions donation on product leaves. The network
comprises more than one convolutional and pooling layer, followed by fully connected layers per species. A Softmax
feature is implemented on the output layer to determine the probability distribution across single disease classes. CNN-
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based total models are widely used in agricultural image analysis due to their effectiveness in extracting complex visual
features [4], [5], [6].

Once the disease is diagnosed, the machine presents appropriate advice by referring to a predefined expertise base. This
is detailed along with sound causes of the disease, appropriate fertilizer or insecticide, dosage statistics, and preventive
measures. The intention is to go beyond simple detection and provide actionable controls to help farmers make
informed decisions. Similar methods combining detection with advisory systems had been discussed in existing work
related to smart agriculture [7], [8].

Overall, the proposed method combines powerful preprocessing, deep master-based total class, and information-based
total pointers to enhance disorder detection accuracy and help in greater product monitoring. This technique facilitates
the lowering of crop fitness losses and aids several green agricultural practices.

5. Methodology

5.1. Image data collection and preparation

The first step of the proposed machine involves collecting and preparing image statistics required for training deep
learning knowledge of publication. Crop leaf images are acquired from publicly held benchmark repositories, along with
the PlantVillage dataset, along with other open agricultural imagery resources. These datasets include classified
examples of healthy and diseased plant leaves, which make them suitable for monitoring by gaining knowledge of tactics
in plant disorder detection [16], [20].

Before feeding the images into the model, a sequence of preprocessing operations is performed to ensure homogeneity
and improve data quality. All images are edited to a fixed resolution to maintain consistency throughout all inputs. The
pixel values are normalized to a known range, which helps to stabilize the reading system and increase convergence all
through the schooling process. In addition, primary enhancement strategies such as noise reduction and contrast
adjustment are used to focus on crucial visual styles associated with disease symptoms.

To improve the robustness of the model and reduce the threat of overfitting, statistical enhancement is performed on
the school dataset. Various differences, including rotation, flipping, scaling, and brightness, are added to artificially
enlarge the dataset and simulate real-world variations in imaging conditions. This allows the version to generalize
better while exposed to new and unseen information samples [18].

5.1.1. CNN-based disease identification model

The crucial goal of the smartphone is a convolutional neural network (CNN) designed for automatic disease
classification. CNNs are particularly effective in image analysis tasks due to their ability to learn hierarchical feature
representations directly from raw image inputs [16], [17].

The architecture of the network consists of a pair of convolutional layers that gradually gain skills from the input images.
Beginning layers have a knowledge of shooting primary styles, including edges and textures, even as deeper layers
perceive more complex structures that include disease spots, discoloration, and unusual leaf styles. Pooling layers are
incorporated within the architecture to reduce the spatial dimensions of feature maps, thereby lowering the
computational complexity while maintaining widely available information.

The extracted capabilities are then passed to fully connected layers that execute the very last step. A Softmax activation
feature is implemented inside the output layer to provide probability estimates similar to different disease classes,
enabling multi-class prediction. Well-configured CNN architectures that include VGG and ResNet have experienced
robust performances in similar agricultural applications and serve as references for version design [18], [19]. During
training, the version parameters are optimized using the Adam optimizer combined with a specific go-entropy loss
characteristic. The community iteratively updates its weights based entirely on prediction error, incrementally
improving its ability to classify crop diseases appropriately.

5.1.2. Intelligent advisory and output generation

After diagnosis, the smartphone focuses on providing the user with meaningful and rational guidance. Instead of limiting
the output to classification results, an advisory module is embedded that offers complete advice.
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A predefined knowledge base is maintained linking each recognized disease with current agricultural data, along with
symptoms, underlying causes, treatment alternatives, and preventive measures. Based on the expected category, the
smartphone retrieves appropriate recommendations and provides them in an organized and flexible format. This
ensures that customers cannot handiest to detect the problem, but in addition take knowledgeable corrective action.

To further enhance usability, the output is intended to be simple and accessible, allowing farmers to interpret effects
without requiring technical information. This integration of prediction and guidance improves the general functionality
of the machine and is in line with the goal of developing rational, user-oriented agricultural solutions [1], [2].

5.2. Architecture

The proposed machine structure is designed as a layered framework that integrates user interaction, image processing,
deep knowledge of, and advice of shipping to guide the detection and management of green crop diseases.

The architecture starts off with the User Interface Layer, which acts as the entry point into the gadget. Farmers interact
with the machine through a mobile or internet utility where they can upload or photograph crop leaves. In addition to
the standard interface, a voice assistant module is included to make the smartphone more accessible, especially for
customers who may not be comfortable with textual content-based interactions. Multilingual assistance additionally
complements usability by allowing farmers to receive guidance in their preferred regional language.

Once the image is provided, it is handed over to the Image Processing Module. At this stage, the uncooked image
undergoes many pre-processing operations to enhance its best and consistency. These steps include resizing the image
to a general size, removing noise, and normalizing pixel values. Such preprocessing ensures that publications in lights,
history, or images that are satisfactory now do not negatively affect the overall performance of the model. Feature
extraction is also performed to highlight important visual styles that can be useful in identifying diseases.

The processed image is then forwarded to the Core Processing and Al Layer, where the deep learning model is
implemented. A convolutional neural network (CNN), combined with ResNet, VGG, or a custom model, is used to study
the image. The version learns and mechanically identifies styles such as discoloration, spots, or textural adjustments
that suggest certain plant diseases. Based on this evaluation, the model classifies the image into a selected disease
category or identifies it as healthy.

Alongside the model, a Knowledge Base/Database is maintained to store specific agricultural records. This includes
disease names, symptoms, causes (organic or chemical), and approved treatments that include fertilizers or pesticides,
along with their dosage details. After the disease is recognized with the help of CNN, the tool retrieves applicable
information from this database to make meaningful recommendations.

The results are then processed using the Output and Alert layer. This module offers the diagnosed disease along with
advisory treatments, software methods, and preventive measures. The output can also be input into a voice layout or
translated into specific languages for better knowledge. Additionally, the reporting and alerting module provides timely
indications for immediate action, ensuring that farmers can respond quickly to capacity threats.

Finally, the architecture includes an Educational and Guidance Layer, which focuses on preventive cognition. This layer
offers general farm management, including compost application and seasonal precautions, supports farmers to adopt
better agricultural practices, and reduces the risk of perennial diseases. Overall, the machine architecture ensures a
smooth glide from fact input to actionable output by combining person-friendly layout, efficient image processing,
intelligent disease detection, and realistic advisory support.
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Figure 1 System Architecture

6. Experimentation

The proposed crop disease detection machine is experimentally evaluated using a Convolutional Neural Network (CNN)
model intended for image-first based classification. The experiment focuses on verifying the effectiveness of the version
by calculating plant diseases from leaf snapshots under controlled conditions. The machine is used as an Internet-based
total application, where customers add pictures of product brochures. These images are processed through a skilled
CNN model that plays computerized feature extraction and classification. The preference of CNN is based entirely on its
capabilities to study spatial and hierarchical capabilities simultaneously from raw image information without requiring
supervised feature engineering.

6.1. CNN-based disease prediction process

The messy prediction process follows an established pipeline to make a certain type:

The technique starts with capturing or importing a product sheet image through the software interface. The input image
is resized to a fixed resolution (e.g., 224 x 224 or 256 x 256) and the pixel values are normalized to improve the training
balance. The preprocessed image is passed via a pair of convolution and pooling layers, where crucial visual features
such as edges, textures, and disease styles are extracted. The extracted feature maps are flattened and forwarded to
fully connected layers. A Softmax activation feature is performed to classify the image into healthy or disordered classes
based on random rankings.

6.2. CNN model architecture and working

The CNN model used in this system consists of multiple layers designed to progressively extract meaningful features
from input images.

Input Layer:
The input image is resized to a fixed dimension and normalized using:
X
J{ﬂm*m - 955

This helps in faster convergence and stable training.
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Convolution Layer:
Feature extraction is performed using convolution operations:

0(i,j)=YmYnl(i+m,j+n)-K(m,n)
where [ is the input image and K is the kernel.

Activation Function (ReLU):
Non-linearity is introduced using:
f(x)=max(0,x)

Pooling Layer:

Dimensionality reduction is achieved using max pooling:
P=max(x1,x2,...,.xn)

Stacked Convolution Blocks:
Multiple convolution, activation, and pooling layers are stacked to enable hierarchical feature learning:

o Initial layers detect edges.
e Intermediate layers capture textures.
e Deeper layers identify disease-specific patterns.

Flatten Layer:
Converts 2D feature maps into a 1D vector for classification.

Fully Connected Layer:
Performs classification using:

Z=W-X+b

Output Layer (Softmax):
Converts outputs into probability scores:

o(zi) = s

6.3. Training and optimization

The model is trained using a labeled dataset of crop leaf images. During training, the system learns to minimize
classification error using the categorical cross-entropy loss function:

[oss = 2: y; log (i)

Back propagation is used to update model weights iteratively:

A Fnss

W = W e

This optimization process enables the model to improve its prediction accuracy over time.

6.4. Outcome of experimentation

The experiment shows that CNN-based fashions are quite powerful for detecting product diseases due to their ability to
routinely extract relevant features from images. The structured pipeline ensures consistent preprocessing, efficient
feature learning, and accurate classification, making the smartphone suitable for practical agricultural education.
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Table 2 Comparison of dataset

Sr. Dataset Name & No. of | Crops & | Data Type | Key Advantages Limitations

No. Images Classes

1 PlantVillage, 14+, Controlled | Large, well-labeled, high | Limited real-world
~54,000+ 38 accuracy variation

2 Kaggle Dataset, | Multiple, Mixed Easily available, moderate | Inconsistent labeling
~8,000-20,000 10-25 diversity

3 PlantDoc, Multiple, Real- Complex background, | Noisy, lower accuracy
~2,500 13 world realistic data

4 Rice Leaf  Dataset, | Rice, Field Real-world conditions Small size
~1,200 3-5

5 Citrus Dataset, | Citrus, Controlled | Simple and clean data Limited scalability
~750-1,000 4-6

6 Apple Dataset, | Apple, Mixed Moderate dataset size Crop-specific
~3,000 4

7 Al Challenger, | Multiple, Real- Large and diverse Complex, noisy
~30,000 Multiple world

8 Cassava Dataset, Cassava, Field Real-world relevance Single crop

5

~21,000

9 Wheat Dataset, | Wheat, Field Useful for specific crop Limited diversity
~5,000 3-4

10 Custom Dataset, | Multiple, Real-time | Practical applicability Requires labelling
Variable Variable

7. Conclusion

In this developed system, a crop disease prediction tool primarily based on Convolutional Neural Networks (CNN) is
developed to aid early and reliable identification of plant diseases using leaf images. Unlike conventional methods based
on guided explanation and feature design, the proposed machine learns critical visual patterns immediately from the
facts, which helps improve prediction accuracy. The model became trained using the PlantVillage dataset, in conjunction
with preprocessing and data augmentation techniques to ensure higher generalization and solid performance. The
implementation shows that deep sensing can effectively identify disturbance patterns, including discoloration, spots,
and texture variations in different product types. The default layout makes a specialty of simplicity and accessibility,
allowing users to seamlessly interact with the smartphone without requiring technical knowledge. The implications
suggest that the proposed technology can help in well-timed disturbance detection, which is important for reducing
product damage and improving productivity.

Future scope

The proposed system achieves reliable crop disease detection use of image-based total deep recognition; however,
many improvements can be explored to embellish the actual use. In future paintings, the smart sensor can be extended
by integrating loT-first based environmental monitoring to capture parameters along with soil moisture, temperature
and humidity. This addition would enable additional context-aware decision making, including intelligent irrigation
guidelines and early stress detection. Further enhancement can be accomplished by developing the model on larger
abundant, real-field datasets containing different light fixture positions, complex backgrounds, and more than one
disease duration. This could increase robustness and ensure higher performance in outdoor controlled environments.
Another capacity phase is the implementation of the smart device on cell or field deployment, enabling offline or low
connectivity, which is mainly beneficial for farmers in remote areas. Optimization strategies such as version pruning
and quantization can be performed to reduce computational demands while maintaining accuracy.
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