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ARTICLE INFO ABSTRACT

Agriculture is the key driving force for food security and financial stability of a nation and 
specially in the rural economy where farmers face several challenges including lack of proper 
guidance, unpredictable procurement prices, uncertain yield prediction and inefficient crop 
selection. The present study presents a scalable AI based approach, which includes CNN and 
ML models for better coordination of soil classification and crop yield prediction. An RGB-
image-based CNN model was developed to classify the four main soil types—Red, Black, Clay, 
and Alluvial — with high accuracy. In parallel, a ‘Best Crop Prediction’ module was built with 
multiple linear regression and was trained with more than a decade agricultural data con-
sisting of type of soil, crop yield and regional environment. The models are packaged within 
a user-friendly web app where farmers can upload pictures of their soil and response with 
their geographic information to obtain crop recommendations based on these models. It is a 
friendly system for the general public (non-clients), so that precision agriculture becomes an 
accessible practice for everyone. By automating soil testing and crop selection, it’s designed 
to fill knowledge and resource voids, enabling farmers to make better decisions that optimize 
productivity and sustainability.
The model obtained a soil classification accuracy of 94% and contributed to increasing the ac-
curacy of the crop recommendation by up to 28% against traditional methods. The real time 
prediction and user-friendly in the web application. Field trials verified the applicability of the 
system in different farming zones, and thus its potential for wide implementation. Next steps will 
include adding IoT sensors, and dynamic environmental data for further optimization.
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INTRODUCTION

Agriculture is the basis of human civilization: the cor-
nerstone for food security, livelihoods, and economic 

development. The industry supports the livelihoods of bil-
lions of people around the world, particularly in agrarian 
nations who derive income and employment from farming. 

https://sigma.yildiz.edu.tr
https://orcid.org/0009-0003-8107-4772
https://orcid.org/0000-0003-2494-4113
http://creativecommons.org/licenses/by-nc/4.0/


Sigma J Eng Nat Sci, Vol. 44, No. 5, pp. 3157−3166, October, 20263158

Over 58% of the people in India depend upon agriculture 
and is an integral component of Indian socio-economic 
structure. But this most important agriculture sector suf-
fers from a series of chronic and constant challenges such 
as erratic climate, soil mining, inappropriate crops choice 
and dependence on tradition and customary ways. These 
conditions have resulted in low productivity, income insta-
bility, and severe post-harvest losses. In recent years, the 
need to solve these problems has become a brighter press-
ing, particularly with climate academia and about _ world-
wide increases in food demand due to climate change and 
declines in arable land. Technological breakthroughs—
especially those that originate from computer science—are 
being increasingly regarded as necessary instruments for 
sustainable and profitable agriculture [1-5].

One of the most potential technologies is the machine 
learning (ML), which has the ability to analyze the complex 
data in agriculture and extract tools of decision‐making. 
Soil Classification & Crop Prediction One of the important 
use cases in agriculture would be use of ML for soil clas-
sification and crop prediction; both are tasks that would 
influence on yield optimization and resource efficiency in 
agriculture. Soil classifications showing the range of crops 
that are adapted to the particular soil in a given locality is 
an important contribution in the proper selection of the 
crop, while wisely chosen crop prediction models pro-
pose an informed policy for maximizing the production. 
Conventional techniques of soil analysis, however, generally 
require bulky sample work, and costly laboratory testing 
and are not practical for smallholder farmers. Additionally, 
current digital offerings typically require technical acumen 
to use or expensive equipment purchase, which prevents a 
wide spread acceptance. These issues are addressed by the 
present study which presents a functional ML-based archi-
tecture that connects state-of-the-art technology with field-
based applicability. The goal is to develop an end-to-end 
system for the purpose of identifying soil types via CNNs 
and forecasting the most suitable crops for highest yield 
utilizing multiple linear regression — in order to provide 
farmers with an affordable and impactful decision support 
tool [5-7].

This is an investigation based in practice and not in 
abstraction. The suggested model uses RGB soil images 
to back those with Red, Black, Clay and Alluvial soil types 
with an accuracy of 94%, which shows the predictive power 
of the model. The crop recommendation module studies 
more than 10 years of historical agricultural data to recom-
mend region specific crops according to the type of soil, cli-
matic conditions and the previous production trend. These 
modules are combined into a light weight, user friendly, 
web application that farmers can use to upload soil images 
in order to receive personalized crop advice in few clicks. 
The interface is to be made simple with least / no techni-
cal knowledge required and hence it gains an approach 
towards accessibility and scope for widespread adoption. 
«Blending cutting-edge deep learning techniques with 

an intuitive frontend, this proof of concept demonstrates 
how AI can help traditional farming communities to make 
evidence-based decisions, minimise input wastage, and 
improve farming output in general. Finally, the project has 
the potential to aid in reversing the digital divide and set 
the foundation for later inclusion of IoT sensors and real-
time analytics.

Literature Review
With the increasing quantity of agricultural data, data 

mining has become the most useful tool for getting valu-
able patterns that aid the decision process and increase pro-
ductivity. In agricultural domain, methods like k-means, 
k-nearest neighbors, SVM, neural network and fuzzy 
c-means have been most extensively used. The selection 
of one of these methods depends on the type of data and 
the specific endpoints that are considered. The surveyed 
literature reduces studies together and it is good reference 
material for researchers and scientists involving in predic-
tive modeling for intelligent agricultural applications spe-
cifically in developing countries like India [8].

According to Kamath et al. [9], Indian agriculture is 
controlled by a blend of organic, economic and seasonal 
forces, thus making crop yield estimation a challenging 
problem. Early prediction provides chance to better plan 
for storage, allocation of resources and marketing. Their 
research used data mining and the Random Forest method 
to improve the prediction accuracy of yield as well as to 
contribute to area‐specific agricultural planning based on 
a data analysis. Mitra and Srinivasan [10] proposed a com-
prehensive environment for real-time soil classification and 
crop suggestion via an ensemble approach. Although their 
method characterized good generalization, it does not sup-
port practical use for general end users. Similarly, Gholap et 
al. [11] constructed soil fertility classification models based 
on machine learning to achieve automatic generation based 
on traditional soil analysis which need to be optimized. 
However, their model was only used for soil classification 
and not crop recommendation. Srunitha et al. [12], which 
proposed SVM based model for soil classification employ-
ing features such as pH and moisture content. Their study 
further emphasized the potential of image processing inte-
grated into the ML on soil analysis automation, however 
they also pointed out scalability constraints owing to SVM’s 
computing demand when larger datasets are considered 
[12].

Rahman et al. [13] has proposed a combined approach 
where SVM was used for soil classification, and regres-
sion-based applications were used for crop prediction. 
Although the potential to integrate these two part was 
shown in the study, accessible tools for farmers or non-ex-
pert users was not eventually produced. Akkem et al. 
[14] highlighted the role of advanced ML, deep learning, 
as well as time series analysis in handling smart farming 
constraints. They further recommended deploying models 
such as Extreme Learning Machine (ELM) and Stacking 
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Ensemble Learning to enhance learning rate and robust-
ness, thereby facilitating better crop selection & reduced 
agricultural distress. Kumar et al. [15] found that machine 
learning (ML) in prediction of yield, in particular Random 
Forest algorithm [16], can be used for accurate prediction 
of the future, using historical information, including tem-
perature, humidity, pH, rainfall, and type of crop. By con-
necting input variables (agrometeorological parameters) 
to output through ML we propose practical and efficient 
solutions for optimising the choice of crops for a specific 
weather regime [15].

Pandith et al. [17] trained a CNN to output yield predic-
tion based on soil quality. They used 5 supervised machine 
learning algorithms-KNN [18], Naïve Bayes, Multinomial 
Logistic Regression, Artificial Neural Networks (ANN), 
and Random Forest for prediction of mustard crop yield, 
using soil data from different districts of the Jammu region. 
The measure of accuracy, precision, recall, specificity, and 
F-score would be taken into account to evaluate the perfor-
mance of prediction [5] with the result indicating that the 
combination of KNN and alg-linear had the best prediction 
accuracy among all [17].

Even if many studies have employed machine learning 
for food insecurity prediction, not many studies have user-
friendly, real-time tools available for farmers, while most of 
them are centered on individual tasks such as soil classifi-
cation and crop yield prediction [19]. However, there is a 
lack of integrated scalable systems that exploit various data 
sources for comprehensive and actionable recommenda-
tions for smart farming.

MATERIALS AND METHODS

This section presents the methodology applied in build-
ing the proposed system for land type classification and 
crop prediction. It involves the extraction of data sources, 
the preprocessing of soil and crop datasets, the architecture 
of a CNN model for soil-type classification, and the deploy-
ment of a crop-prediction module which utilizes ML. It also 
discusses the development of a web-based interface of end-
user access.

Data Sources
Our proposed system leverages upon two fundamental 

datasets, which are:

Soil Image Dataset: The dataset is extracted from Kaggle 
and consists of 903 labelled RGB images.Blac, red, clay and 
alluvial are the 4 soil types. The data was split into 80-20% 
train and test data [20].

Crop dataset: It is a small dataset extracted from the 
agriculture repositories which has a information regarding 
11 different crops and the production import/export details 
and the yield variation at region level for last ten years [21].

Crop Suitability for Different Soil Types
The matrix of soil-to-crop compatibility plays an indis-

pensable role in the crop prediction block of the proposed 
system. A listing of approved crops for each of the four soil 
types (i.e., Alluvial, Red, Black, and Clay) according to the 
soil classification system is provided in the following table 
(Table 1). Prior to this mapping being used, it was based 
on common agronomist knowledge and agricultural refer-
ence sources such as national soil libraries and agricultural 
extension literature.

These relationships have been largely established 
through decades of empirical cultivation results and stud-
ies of soil fertility that show which crops respond well to 
soil texture, nutrient levels, drainage, and wilting char-
acteristics. This compatibility system is also used by the 
prediction engine in conjunction with classified soil type, 
climatic inputs (e.g. temperature and rainfall) and regional 
productivity data, to provide individual farmers with crop 
recommendations.

Data Preprocessing
The datasets were re-organized, and their preprocessing 

done in order to maintain them in the appropriate shape 
and clean for use [19].

Soil Images: Images (244 × 244 pixels) were used and 
data augmentation processes including rotation, flipping 
and brightness were employed to expand generalization 
capabilities [22].

Crop: Dataset: Replace missing data was performed 
by using mean method and convert categorical variable to 
numerical variable (e.g., crops). Standardization was used 
to improve the prediction performance [23] when training 
the model for the data. 

CNN Architecture for Soil Classification
The Soil type-classification Module [24] makes use of 

a Convolutional Neural Network (CNN) to classify soil 

Table 1. Soil type and recommended crops

Soil Type Recommended Crops
Alluvial Wheat, Rice, Jute, Coconut, Sugarcane, Pulses, Oilseeds, Groundnut
Red Wheat, Cotton, Pulses, Coconut, Tobacco, Millets, Oilseeds, Potato, Groundnut, Rice, Orchards
Black Cotton, Pulses, Soybean, Millets, Linseed, Tobacco, Barley, Sugarcane, Rice
Clay Wheat, Rice, Sorghum, Jowar, Groundnut
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images into 4 different soil types, namely Red, Black, Clay 
and Alluvial. The model involves 3 layers of convolutions, 
followed by ReLU, max-pooling and dropout sequential. 
A fully connected dense layer is fed by the last feature 
representation.

Model Architecture Overview:
Convolutional Layer 1: Applies 32 3x3 filters (normal 

pointwise convolution) with ReLU activation function.
Second Convolutional Layer: 64 filters of size 3×3, 

ReLU activation.
Third Convolutional Layer: 128 filters of 3×3 with ReLU 

as the activation again.
Fully Connected Output Layer: A dense layer with soft-

max activation for the final classification.
We have trained the CNN with the Adam optimizer 

and sparse categorical cross-entropy as a loss function 
[25]. The test dataset accuracy of 94% of the model was 
impressive, indicating the model to be effective for soil type 
classification.

Best Crop Prediction Module
The crop forecast module uses the multiple linear 

regression on the 10 years of agricultural information [26]. 
This module takes into account the soil type, rainfall, pro-
duction history and climatic conditions to predict the crops 
that are best suited to a region [24]. The prediction model 
acts to provide a list of ranked crops by expected yield and 
profitability after fusing the soil classification outcome of 
the CNN module [27].

System Integration and Web Application
The application was developed as a Django web appli-

cation for usability. The application is essentially a portal 
to which farmers can upload images of soil and region spe-
cific specifications. The input is handled at the backend and 
with the involvement of the soil classification using the pre-
defined CNN based on which the data are combined with 
the crop prediction module gives meaningful insights [28].

Evaluation Metrics
We tested the proposed system using the following 

measurements:
Soil Classification using CNN Accuracy: The CNN 

model developed had an accuracy of ~94% for soil 
classification.

Accuracy of prediction: The crop prediction model 
showed a high level of accuracy with R-squared (R²) val-
ues greater than 0.9, denoting a high correlation with actual 
yield [29].

User response: Usability of the web application with 
the stakeholders of interest was favorable and the intuitive 
design and ease of access received positive feedback.

The method represents the staged sequence of events 
for systems development, verifying accuracy, scalabil-
ity, and implementation applicability under real farm 
conditions.

System Design
Therefore, we will use a combination of multiple 

machine learning to classify the soil as well as predict the 
crops will be planted in the soil in order to design the pro-
posed system. The system›s architecture consists of three 
main parts: soil classification, crop prediction and user-
friendly web interface. These modules interact to interpret 
inputs, classify data, and provide recommendations

Overall Architecture
The soil images and regional agricultural information 

are fed to the system. Thus, the building blocks of this over-
all architecture are:

Soil Classification: We demodulate the soil images from 
the above results and further utilize a CNN [30] to classify 
soil.

Crop Prediction module: Once soil classification, his-
torical data and regional factors are collected this module 
predicts the best crops [24].

Web application: Serves as the front-end interface for 
users to input data and retrieve recommendations [28].

The data flow is presented in Figure 1, showing the 
complete end-to-end processing pipeline from the captur-
ing of the soil images to the prediction of soil crop and the 
generation of the results to be presented to the user.

Soil Classification Module
It employs a CNN to recognize soil types according 

to the input images. In this section we describe the CNN 
design and its realization.
•	 CNN Architecture

Figure 1. Overall architecture diagram.



Sigma J Eng Nat Sci, Vol. 44, No. 5, pp. 3157−3166, October, 2026 3161

•	 The CNN model is constructed with layers for feature 
extraction from soil images.

•	 Convolutional Layers- these layers are responsible for 
convoluting filters for detection of features viz texture, 
color and patterns which differentiate variety of soil 
types [30].

•	 Max-Pooling Layers: These layer reduce the dimension-
ality of the feature maps and retain essential informa-
tion for efficient computation [31].

•	 Fully Connected Layers: Use the features of the extract 
layer for the soil type classification [20].
On a deeper level, convolution is represented like this:

	 f(x,y)=∑_(i=0)^(m-1)▒  ∑_(j=0)^(n-1)▒  w(i,j)⋅I(x+i,y+j)	 (1)

where:
•	 f(x,y) is the output of the convolution,
•	 w(i,j) is the filter applied to the input image I(x,y),
•	 m and n are the dimensions of the filter.

The last layer uses softmax activation to classify the soil 
into one of four class types.

	 P(y=i∣x)=e^(z_i)/(∑_j▒e^(z_j))	 (2)

where:
•	 Output of the network for the class whose index is iii, 

from the first shape you provided, can be represented 
as:

•	 P(y=i∣x) is the probability of the input image belonging 
to class i, zi is the score (or logit) for class I, ∑_j▒e^(z_j) 
is the sum of exponentiated scores over all classes j
The details of a CNN such as the output layer are shown 

in Figure 2, here two hidden layers are there with two inputs.

Model training and evaluation
The CNN was optimised using an Adam optimizer with 

a sparse categorical cross-entropy loss. Its accuracy was 
evaluated, and it reached 94% on the test set.

Crop Prediction Module
The crop prediction module is based on the combined 

output of the soil classification and the historical agri-
cultural data to recommend the best crops for a region. 
Another study predicts crop yield using factors such as soil 
type, precipitation, temperature, and historical yield data 
based on a multiple linear regression model [32]. The mul-
tiple linear regression is written as follows mathematically:

	 Y = β₀ + β₁X₁ + β₂X₂ + ... + βₙXₙ	 (3)

where:
•	 Y is the estimated value of the crop yield..
•	 X₁, X₂, …, Xₙ are input variables such as soil types, rain-

fall, temperature, amount of fertilizer used and so on.
•	 β₀ is the intercept term, indicating the baseline crop 

yield when all input features are assumed to be zero.
•	 β₁ to βₙ are the regression coefficients that quantify the 

influence or contribution of each input feature to the 
predicted crop yield.
The prediction (Y (β)) is a linear combinationof the 

observations with X: whereβ is the set of coefficients esti-
mated by the least squaresdefault algorithm to minimize 
the difference betweenY (β) and Y true. Figure 3 shows the 
whole system design of crop prediction [27].

Web Application Design
Users (farmers) can coax the system through the web 

application. The app comes with:
Soil Image Upload: Users are able to upload soil images 

that are processed by the CNN for classification [28]
Area Input: Users can provide data such as rain, tem-

perature and desired crops from a specific region [31].
Output: The app screens results of soil classification 

and scrolls down to crop recommendation that are defined 
from the soil and crop integrated models [33].

The flow of the system for the web application is 
depicted in Figure 4, explaining how users interact with the 
platform to get recommended.

Figure 2. CNN architecture diagram. Figure 3. The best crop prediction architecture.
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System Integration
The system is designed in such a way that after classi-

fying the soil image, the classification results are then sent 
to the crop prediction module [34]. We further input the 
harvested historical agricultural data to the crop recom-
mendation system, and that returns the up-todate recom-
mendations that we are accessible through the web interface 
[35].

From a system perspective, the fused model is expected 
to be scalable, accurate, and deployable in real world agri-
culture applications [36]. Modular design of the system 
allows for its extensions to support additional soil types, 
live environmental data and subsequent adaptation to other 
crop types [28].

RESULTS AND DISCUSSION

This part presents the results obtained in the evaluation 
of the soil classification model, the crop prediction and the 
whole system [37]. It discusses how precise the models are, 
compares them against baseline techniques, talks through 
what it might mean for farmers on the ground [38].

Classification of Soils Results
The performance of soil classification model was 

assessed based on the accuracy and confusion matrix. The 
CNN was capable to distinguish the soils with accuracies 
of 94% for all soil types (red, black, clay, and alluvial soils). 
Moreover, a comparison with other popular classifiers like 
SVM and K-NN was performed to verify the successfulness 
of the proposed classifier [30].

Confusion Matrix
Below is the confusion matrix for the CNN model, 

where TP is used for true positive, FP for false positive, TN 
for true negative, and FN for false negative [14].

The accuracy is calculated as follows:

	 Accuracy=(TP+TN)/(TP+TN+FP+FN)	 (4)

The accuracy for CNN model was found 94%, which 
was higher than others by SVM (83%) and KNN (76%) 
using equation 4. 

Train Loss and Accuracy Curves
Both the training loss and training accuracy were used 

to evaluate the training process. Let us consider the training 
history of a CNN model for a lot of epochs as below:

The training loss curve is shown in Figure 5 which 
shows how the model gradually reduces its error rate by 
adjusting its weights in backpropagation. As we can see 
from the figure, that the loss is continuously decreasing with 
epochs, which means it is learning from our training data. 
Reduction of the loss The trend of decreasing loss implies 
that prediction error is decreasing the CNN is learning to 
tune its internal parameters for accurate determination of 
the characteristic features of the four soil categories:-Red, 
Black, Clay and Alluvial. A continuous gradual decrease, 
without large swings is also a proof of the model not to be 
overfitted and that the learning rate is set correctly.

Figure 6 shows the training accuracy curve, where 
the number of samples correctly classified in training vs. 
epochs is displayed. The increasing curve captures how the 
model is able to make more accurate predictions as it trains 
further. This likelihood check gives the first validation that 
the underlying CNN is indeed learning and producing well 
performing classifiers.

Figure 4. Flow diagram of web application.

Figure 5. Training loss curve.
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Evaluation Scores for Implemented Models
Table 2 shows the comparative performance of the three 

supervised machine learning models namely- (CNN, SVM, 
and kNN) using soil classification problem. The CNN 
model was the most powerful, with the best results in terms 
of the different statistics.

The superiority of the CNN model in classifying soil 
images is highlighted through this comparative analysis. 
Unlike classical models such as SVM and KNN, which are 
sensitive to feature engineering and distance, CNN learns a 
spatial hierarchy and automatically extracts some abstract 
features from the original image data, and thus is well suit-
able for the visual soil identification problem

Crop Prediction Results
The crop prediction module utilized multiple linear 

regression to forecast crop yields based on several input 
features: soil type, temperature, rainfall, and crop-specific 
historical production data [27].

Multiple Linear Regression Model

	 Y = β₀ + β₁X₁ + β₂X₂ + ... + βₙXₙ	 (5)

Where:
•	 Y denotes the estimated crop yield produced by the 

model.
•	 X₁, X₂, ..., Xₙ are the independent variables or input 

features, including factors like soil type, rainfall, 

temperature, and other relevant environmental or agri-
cultural conditions.
β₀ is the intercept term, representing the predicted yield 

in the absence of all input variables.
•	 β₁ to βₙ are the regression coefficients that define the 

magnitude and direction of influence each input feature 
has on the predicted crop yield.
The coefficients in the multiple linear regression model 

were estimated using the least squares method, which is a 
statistical procedure of deducing the best-fitting line among 
the data points by minimizing the total sum of the squares 
between predicted and the observed crop yields [28]. This 
process provides the most suitable linear approximation to 
the dataset in terms of the ability of the model to capture 
the underlying pattern(s).

The predictive performance of the regression model was 
good, as indicated by a coefficient of determination (R²) of 
0.92, which means that 92% of the variation in the observed 
crop yielding results can be explained by the model [33]. 
This high R² indicate that the chosen predictors were quite 
able to model the target variable [39].

The regression graph of the actual and predicted crop 
yields is shown (Fig. 7). The spread of points around the 
diagonal line at the plot implies high level of agreement 
between predicted and observed levels and, thus, visually 
supporting the strength and smallness of the residual error 
of the model [35].

To compare model performance over different agricul-
tural indicators, Table 3 presents the R² of regression mod-
els using the various indicators including gross production, 
production per unit area, imports, exports, and total pro-
duction. The R² value for gross production feature 0.999 
and therefore shows an almost perfect fit, while for both 

Figure 6. Training accuracy curve.

Figure 7. Regression plot showing predicted versus actual 
crop yields.

Table 2. Evaluation scores of implemented models

Model Accuracy Precision Recall F1 Score
CNN 94% 0.95 0.93 0.94
SVM 83% 0.85 0.80 0.82
KNN 76% 0.78 0.74 0.76



Sigma J Eng Nat Sci, Vol. 44, No. 5, pp. 3157−3166, October, 20263164

imports (0.479) and exports (0.468) the explanatory power 
was more modest.

Web Application Evaluation
A group of farmers tested the web application to evalu-

ate usability and effectiveness of the application in the field 
[40]. The feedback was positive overall, with farmers say-
ing the tool was easy to use, and driving them to concrete 
recommendations efficiently. The capacity of our system 
to analyze the soil image, propose and the crop in regional 
calculus recommended was considered valuable in aiding 
more efficient agricultural decisions [21].

User Feedback and Performance
As per a survey among users, 85% out of them rated the 

system to be intuitive and it assisted them in making fact- 
based decisions. (Typically, the app took on average less 
than 30 seconds to process a soil image and offer crop rec-
ommendations, which means farmers could get real-time 
recommendations in the field.) The overall architecture of 
the web application is illustrated in Figure 8.

Comparisons with the Existing Systems
The following are the merits of the native soil classifica-

tion and optimized crop prediction combination over the 
prior systems:
1.	 Deep learning based soil characterization truthfully.
2.	 Real-time staff recommendation using suggestion 

knowledge and external web event knowledge across a 
web interface.

3.	 No lab testing needed—the soil is determined using 
visual access to soil.

4.	 Optimization of multiple environmental factors and 
historical data to predict feature crop in future for farm-
ers to gain maximum profitable yield.

5.	 As such, as compared to the previous systems which 
designed separately for soil classification and predicting 
appropriate crops, the integrated prediction would increase 
the overall efficiency in the agricultural decision making.
The findings in this work show that the combined use 

of deep learning and classical machine learning approaches 
can remarkably improve precision agriculture applica-
tions. 1 (a), the accuracy of CNN for soil classification was 
high around 94%, which is better than that of other sextic 
method including SVM and KNN. The high performance 
achieved indicates that the CNN is able to automatically 
learn complex spatial features from RGB soil images with-
out labor-intensive human intervention. Also, the training 
loss and accuracy curves showed a steady training process 
with a less overfitting. The high classification accuracy is 
freely translated to the performance of the system in real 
agricultural applications, wherein correct soil type estima-
tion is an important step for appropriate crop selection [41].

The multiple linear regression based crop prediction 
module attained a high R² value of 0.92, which means that 
the majority of the variation in crop yield could be pre-
dicted based on the input features such as soil type, tem-
perature and rainfall. Incorporating this predictive module 
in a Django-based web application guarantees real-time, 
farmer-supported access to insights even in resource-lim-
ited environments [4]. The practical usability of the plate-
form is also supported by the positive users feedback. In 
general, this system provides a scalable and effective option 
to enable smart farming and sustainable crop development 
in different agricultural territories [42].

CONCLUSION

This study furnishes a problem setting for a solution 
system advocating soil classification and crop prediction 
through machine learning, which could become a game 
changer for today’s agriculture practices. A soil›s classifi-
cation (4 classes) by a convolutional neural networks-based 
model was correct in 94%. The crop prediction model was 
accurate and had an R-squared value of 0.92, representing a 
strong relationship between predicted and observed levels 
of crop production. Implemented as a web-based user-end 
application, the system offers farmers a convenient means 
to receive immediate recommendations of crops according 
to soil characteristics and regional parameters. This soil 
classification and crop predicting combination help to min-
imize the need for expensive laboratory testing while giving 
farmers insightful information to improve future produc-
tivity and efficiencies. cost-effective sustainable method 
for crop type prediction and These are include that a bet-
ter- performed and scalable system of soil classification, Figure 8. Django architecture diagram.

Table 3. R² Scores for multiple linear regression

Linear Regression Model R² Score
Gross Production 0.999
Production per Unit Area 0.614
Imports 0.479
Exports 0.468
Production 0.734
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integration of crop prediction and a convenient web inter-
face. It’s a source of much promise for higher crop yields, 
resource efficacy, and sustainable farming. It also throws 
open the door for what comes next: real-time analyses and 
developments that could integrate environmental data with 
precision agriculture to help feed the world.

Future Scope
There are a number of important opportunities for future 

work to enhance the applicability and scalability of the sys-
tem. A possible avenue for this connection is tapping into 
real-time environmental data, such as the weather or soil 
moisture, from IoT devices or satellite data. That would also 
give farmers more nimble, up-to-the-minute advice. Others 
have made a similar argument: based on this thought, to 
include more soil and crops in the system (more than these 
four) would increase its global suitability. If you are able to 
employ more advanced machine learning model like ensem-
bles or deep reinforcement learning, you may have even 
entirely disrupted soil classification or crop prediction.

One interesting future direction is that of pest and dis-
ease detection, integrated in the system. Applying computer 
vision and deep learning model to assist in crop diseases 
detection from images is important for farmers to early pre-
vent for the health of the crops. And the system can even be 
altered for precision irrigation as well – good use of water 
can result in more gain not just from the yield, but also ulti-
mately in better water usage that can be conserved.

Future Works If we can implement these improve-
ments, the system becomes a fully functional precision 
agriculture toolkit that handles many of the challenges here 
and becomes more widely impactful towards a sustainable 
future for farmers around the world.
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