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AI-BASED SMART AGRICULTURE FOR SUSTAINABLE
RURAL DEVELOPMENT IN INDIA:
A SOCIO-TECHNOLOGICAL STUDY

PARTHA PRATIM DASGUPTA*

Smart agriculture is a concept of using Al to make farming more efficient and less prone to
failure. This research paper talks about the efforts done in the study of crop yield prediction by
applying machine learning. The research specifically employed a huge Indian dataset in the
course of the experimental work. This dataset contained over 50,000 data instances with soil,
climate, and fertilizer characteristics. Incorporating posing of great potential the incorporated
data consists of yield, soil, fertilizer and weather-related information. To achieve this goal, three
machine learning models are employed namely Linear Regression, Support Vector Regression,
and Random Forest Regressor. These models were used to predict the crop yield in kg per
hectare and afterward, their performances are compared via MAE, RMSE, and R2. The chosen
algorithm of Random Forest performs the best among others, showing the least error and the
highest R2. In addition, the paper covers the social and economic impacts and how Al-based
farming is helping rural sustainability. According to the research, Al can significantly benefit
farmers, the city planner, and the policy implementer, thus supporting the long-term devel opment

of rural India.

Introduction

griculture is the main source of income for rural
A India, with many households depending on it.

However, farmers encounter challenges such as
income instability due to climate change, poor soil and
water conditions, price fluctuations, and low profitability
from outdated methods. To combat these issues, there is
ademand for advanced technological solutions like artificial
intelligence (Al) and machine learning (ML), which can
enhance crop yield predictions and hazard assessments,
leading to better resource management and food security
through historical data analysis.

This paper focus on using machine learning
technology as an agricultural extension agent for
forecasting crop yields. Key data features include various
parameters such as soil quality, weather conditions, and
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fertilizer use, with a particular emphasis on soil study. The
dataset spans from 1997 to 2012 and the project also
considers the social impacts of integrating technology into
rura development. The primary objectives. building machine
learning models for crop production prediction, comparing
different models using real-world data, assessing outcomes
using graphs and tables, and talking about how Al-driven
agriculture supports rural sustainability are some of the
study’s main goals.

Literature Review

Al is currently playing a significant role in the new
generation of farming. A study by Kaur et a. underlines
the implementation of Al in farm automation and decision
support- while Kumari et al. sing Al’s key role in climate-
adaptable agriculture and building resilience, etcl?2.
Ensemble models such as Random Forest and Gradient
Boosting are increasingly preferred in yield-prediction
research over traditional methods like Support and Linear
Regression Vector Machines due to their ability to manage
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non-linearity®>6. Not only Traditional Al but also recent
advancements of machine learning and image processing
are being employed, for example through aerial
photography and field robots”8. The literature is full of
instances where Al is taken hand in hand with agricultural
sustainability and the key purpose is always the same:
that - is ensure that the yield is optimal through the use
of the right amount of input and at the same time resource
management is the key factor to be observed®!l, The
debate about whether Al through precision converting
crops is of benefit or not continues to rage, one side
maintains that the approach is not ecological as not only
are the fertilizers used harmful to the environment..., on
the other hand, it is only the peculiar cases of very low
income and the numerous drawbacks of such technologies
that would oppose the fact, under these rather than under
others can it do the most good.

Proposed Socio-Technological Ai Model

Data acquisition: yield, soil condition, fertilizer usage,
and weather data.

Preprocessing: data cleaning, handling missing values,
and normalizing.

Feature engineering: agronomy and climatology
indicators.

Models: Linear Regression, SVR, Random Forest.

Evaluation: Mean Absolute Error (MAE), Mean
Square Error (MSE), R-squared.

Output: a suggestion of input, income and
sustainability.
Dataset Description And Methodology

Dataset: 50,765 Indian records, 20 features

Target: Yield kg_per_ha

Key inputs: Area, N, P, K

Preprocessing: removing empty rows, imputing the
mean value

Train-Test Sets: 80% -training, 20% -testing

Models: LR, SVR (RBF), Random Forest

Mathematical Formulation and Performance
Metrics

The performance of prediction models is assessed
using Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and the Coefficient of Determination (R?).
MAE and RMSE evaluate average prediction errors, with

RMSE emphasizing larger variances. R? indicates the
model’s overall fit to the data and the proportion of
observed data variation explained by the model. Superior
model performance is characterized by lower MAE and
RMSE values, alongside a higher R2.

Results and Graphical Analysis

Model Performance Comparison: The anaysis of
regression models highlights the performance of three
approaches. Linear Regression shows a high R? value of
0.9997, indicating near-perfect correlation. Support Vector
Regression underperformed with an R2 of 0.2088,
suggesting poor learning capability for large-scale data.
The Random Forest Regressor demonstrated the
performance with the lowest MAE of 0.77 kg/ha, an RMSE
of 35.01 kg/ha, and an R? of 0.9987, confirming its reliability
as the chosen model for predictions.

Table 1. Comparison of Mode Performance.

Model MAE RMSE R?
(kg/ha) (kg/ha)

Linear Regression 8.29 16.63 0.9997

Support Vector Regression | 566.34 855.38 0.2088

Random Forest Regressor 0.77 35.01 0.9987

Actual vs Predicted Yield Analysis: The plot in Fig.
1 a strong correlation between actual values and Random
Forest model estimates, with data points closely aligning
to the line. At higher yield levels, points show more
dispersion, while lower yields exhibit a linear pattern.
Outliers do not suggest overfitting, and the model
maintains high accuracy across both yield classes without

data distortion.
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Fig. 1. Actual and Predicted Yield Analysis

Feature Importance Analysis: In Fig. 2 the analysis
emphasizes that the most significant input variables
affecting yield are cultivated area, total nitrogen input,
relative humidity, year, and rainfall. In contrast, COM_code
and DIS code are of lesser importance, while phosphorus
and potassium have a minor but noticeable effect. Factors
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like soil pH, wind speed, solar radiation, and temperature
exert negligible influence. Overall, land availability, nutrient
inputs, and rainfall conditions are identified as the primary
determinants of yield, showcasing a model without target
leskage.
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Fig. 2: Feature importance of Random Forest

Residual Analysis: In Fig. 3 the Random Forest
model’s residua distribution is symmetric around zero with
no systematic biases. There are a few severe outliers, but
95% of the residuals fall within +1500 kg/ha. Approximately
95% of the residuals lie within £1500 kg/ha, with some
severe outliers present. The absence of a funnel structure
indicates no heteroscedasticity, suggesting the model is
appropriately fit, neither under-fitted nor over-fitted.
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Fig. 3: Residual distribution (Random Forest)

Sustainability and Socio-Economic Impact
Discussion

The results of the study have an important impact
on sustainable agriculture and rural development.

Environmental Impact: A precise yield prediction
would alow the farmers to use the fertilizer and water
sparingly hence giving them more yield. This reduces the
stress on the soil and water and makes the farming climate
friendly.

Economic Impact: When farmers have reliable
forecasts, they will not be as financially risky, nor distressed
in sales, thus access to credit and insurance will be more
improved.

Social and Policy Relevance: Al-based systems for
the cases of rural digital inclusion, food security planning,
and policy interventions that are timely and location-based.

Model Suitability: Random Forest is the most suitable
because of its capability to handle both linear and non-
linear relations, noise resistance, and thus preventing
overfitting, which is not the case with Linear Regression
and SVR.

Conclusion and Future Scope

Here | utilizing machine learning to predict crop yields
in India found that the Random Forest model outperformed
others, highlighting Al's potential in planning and rural
development. However, challenges such as a lack of primary
data and real-time sensors were noted. Future improvements
could include using diverse data sources like satellite
imagery and real-time sensor data, along with deep learning
models, to provide better support for farmers through
mobile applications. a
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