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Abstract—In modern agriculture, selecting the right crop
based on soil compatibility and economic viability is a
critical decision-making process for farmers. This paper
introduces an accessible, web-based intelligent crop
recommendation system designed to guide users toward
the most suitable and profitable crops for cultivation.
Instead of relying on expensive automated hardware, the
system utilises a user-friendly website interface where
farmers or agricultural analysts manually input key soil
parameters, specifically pH level, Nitrogen (N),
Phosphorus (P), and Potassium (K) values. The backend
framework integrates these chemical soil metrics with
current crop market price data, utilising a Random
Forest machine learning algorithm to process the multi-
dimensional dataset. By leveraging the ensemble
learning capabilities of the Random Forest classifier, the
model effectively maps complex environmental variables
to predict the most biologically compatible and
financially lucrative crop. Experimental results
demonstrate that the Random Forest model achieves a
high predictive accuracy of [Insert your accuracy, e.g.,
96.5%], outperforming traditional classification models.
The developed web application serves as a practical, low-
cost, and scalable decision-support tool that minimises
the risk of crop failure while boosting farmers' income.

Index Terms—Web-based System, Crop
Recommendation, Random Forest Algorithm, Soil
Analytics (NPK), pH Level, Market Price Analytics,
Precision Agriculture.

[. INTRODUCTION

Agriculture plays a vital role in ensuring global food
security and serves as a primary source of livelihood
in many developing countries. Traditionally, farmers
have depended on experience, intuition, and historical
cultivation patterns for crop selection. However,
increasing environmental degradation, unpredictable
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climatic variations, and declining soil fertility have
significantly reduced the reliability of these
conventional approaches. The selection of unsuitable
crops often results in reduced productivity, depletion
of soil nutrients, and severe economic losses for
farming communities. Therefore, the adoption of
precision agriculture, which integrates data-driven
technologies and machine learning techniques, has
become essential for improving agricultural
productivity and sustainability.

The growth and productivity of crops are strongly
influenced by soil characteristics, particularly the
concentrations of essential macronutrients such as
Nitrogen (N), Phosphorus (P), and Potassium (K), as
well as soil pH. These parameters directly affect plant
development, nutrient absorption, and overall crop
health. Although soil testing laboratories can provide
accurate measurements of these biochemical
properties, farmers often face difficulties in
interpreting the data and selecting the most suitable
crop. In addition to biological suitability, economic
profitability is another important factor in crop
selection. A crop that is agronomically suitable for a
particular soil type may not generate sufficient
financial returns due to fluctuations in market demand
and pricing. Hence, an efficient crop recommendation
system  must consider both  environmental
compatibility and market profitability.

To address these challenges, this research proposes a
scalable and user-friendly web-based intelligent crop
recommendation system. The proposed platform
enables farmers and agricultural extension workers to
enter laboratory-tested soil parameters, including N, P,
K, and pH values, through a simple web interface. The
system is designed to be easily accessible through
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smartphones and computers, ensuring usability even in
rural agricultural regions.

The proposed application integrates crop market price
information directly into the backend database,
thereby eliminating the need for users to manually
track market trends. After the user submits the soil
parameters, the system automatically combines the
soil data with internally stored market pricing
information. The integrated dataset is then processed
using a Random Forest machine learning algorithm.
Random Forest, an ensemble learning technique based
on multiple decision trees, is highly effective for
agricultural prediction tasks because of its ability to
manage non-linear datasets and reduce overfitting. By
analysing soil conditions together with market trends,
the proposed system generates crop recommendations
that optimise both agricultural suitability and
economic profitability for farmers.

II. PROBLEM STATEMENT

Despite agriculture being a primary livelihood for a
vast majority of the population, smallholder farmers
consistently face challenges in maximizing
agricultural productivity and financial returns. The
core issue lies in the unscientific selection of crops for
cultivation, which is largely driven by traditional
guesswork, historical habits, or superficial market
trends rather than data-driven insights. This critical
decision-making bottleneck is exacerbated by several
interconnected problems:

Lack of Personalised Soil Analytics:

Crop growth is highly dependent on specific soil
chemistry elements, such as macronutrients (Nitrogen,
Phosphorus, Potassium) and potential of Hydrogen
($pHS$) levels. Most smallholders lack access to
localized, easy-to-understand expert
recommendations that interpret these specific
chemical parameters for their precise land area.

Economic and Market Disconnect:

Traditional farming practices and generic agricultural
advice do not account for immediate financial
parameters. Even if a crop is biologically compatible
with a specific soil profile, farmers often suffer severe
financial losses due to market surpluses or low
wholesale crop pricing at the time of harvest. Existing
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methodologies fail to bridge the gap between soil
science and market economics.

High-Cost and Complex Technical Barriers:

While automated systems and Internet of Things (IoT)
field sensor frameworks have emerged as potential
solutions, they present a steep learning curve and are
cost-prohibitive for average farmers. There is a distinct
shortage of low-cost, digital decision-support tools
that provide sophisticated machine learning insights
through an accessible web interface.

The core problem this research addresses is the
absence of an integrated, accessible, and dual-
optimised decision-support framework that allows
farmers to seamlessly evaluate their specific soil
health against backend economic indicators. Without a
data-driven system to process these multi-dimensional
variables, farmers remain vulnerable to mismatched
crop selection, degraded soil quality, reduced crop
yields, and financial insecurity. This study explicitly
addresses this gap by creating an intelligent, web-
accessible prediction framework using the Random
Forest algorithm to automate combined biological and
economic optimisation for grassroots farming
environments.

Objectives

1.Develop a smart agricultural guidance system that
integrates soil, climate, and farmer-provided data.

2.1dentify key factors influencing crop suitability and
match them with local growing conditions.

3.Provide personalised crop recommendations to
improve yield and resource efficiency.

4.Reduce decision-making uncertainty for farmers by
delivering actionable, data-driven advice.

5.Evaluate the system’s effectiveness in supporting
sustainable and profitable crop selection.

III. LITERATURE SURVEY

The integration of computational intelligence and data
analytics within the agricultural domain has
established a robust foundation for modern precision
farming. Numerous studies have explored predictive
modeling to translate environmental and soil metrics
into actionable insights for optimised crop selection
and yield stability.
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A. Prior Work and Paper Summaries

The deployment of ensemble learning for stabilization
metrics was thoroughly investigated by Al-Amari et al.
[1]. Their study deployed data-driven predictive
modelling to stabilize and enhance agricultural output
under changing climatic conditions. The core
methodology centred on benchmarking a robust
Random Forest Regressor against traditional Lasso
regression models across highly diverse, regional soil
profiles. By evaluating a matrix of variables including
soil moisture content, historical yield data, and
precipitation cycles, the authors demonstrated that
ensemble bagging patterns successfully contain spatial
anomalies and reduce prediction variances inherent in
modern climate-smart data frameworks.

To address localized decision-support requirements,
Lakshmi et al. [2] presented a smart crop
recommendation pipeline designed to maximize
agricultural yield and achieve sustainability by
matching environmental features to optimal plant
types. Their methodology evaluated a comprehensive
suite of supervised learning models—including
Decision Trees, Support Vector Machines (SVM),
Naive Bayes, and Logistic Regression—against a
standalone Random Forest architecture. By processing
an explicit seven-parameter matrix composed of
foundational soil chemical variables (N, P, K, and pH)
alongside real-time atmospheric metrics (temperature,
humidity, and rainfall), their experiments revealed that
Random Forest handles non-linear agricultural
profiles with a peak accuracy ceiling of approximately
99%.

Similarly, the performance efficiency of ensemble
methods was validated in [3], which investigated the
application of ensemble learning to significantly
improve prediction accuracy for diverse crop types. By
focusing heavily on the Random Forest algorithm as
its primary classifier, the study demonstrated how
ensemble-based decision trees can effectively manage
complex agricultural datasets to deliver highly
accurate, optimized crop suggestions. However, a
notable research gap identified in this work was its
exclusive reliance on a single algorithmic framework.
The study lacked a comprehensive comparative
analysis with advanced deep learning models, which
limits the understanding of how traditional ensemble
methods stack up against neural networks in
processing intricate, large-scale agricultural features.
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B. Synthesis of Existing Methodologies
A synthesis of current literature reveals clear trends in
both features and evaluation practices:

e Common Methods:

The baseline architecture across modern precision
agriculture heavily relies on supervised learning
frameworks utilizing a mix of soil chemical inputs
($N, P, K, pH$) and macro-climatic features. Among
these algorithms, Random Forest consistently emerges
as a top performer due to its use of bootstrap
aggregating (bagging) which inherently dampens data
noise and minimizes prediction variance.

o Evaluation Practices:

Standard academic evaluation protocols combine
train-test splits (such as $80:20% allocations) with
robust $K$-fold cross-validation. Model efficacy is
uniformly quantified using standard metrics like
accuracy, precision, and recall for classification tasks,
or standard regression error metrics for yield forecasts.

e Deployment/Usability Limitations:
Despite high statistical success, very few existing
papers address operational parameters. Real-world
deployment latency, backend execution speeds, and
the integration of highly volatile economic or market
price indicators are rarely addressed.

C. Major Research Gaps

A critical review of the state-of-the-art highlights
several profound gaps that limit widespread grassroots
adoption:

1. Algorithmic Breadth:

There is an over-reliance on standalone Random
Forest models. Current literature features limited to no
rigorous comparison against modern deep learning
architectures or hybrid rule-based machine learning
systems.

2.Feature Scope:

Most frameworks focus exclusively on basic NPK,
pH, and environmental features. They completely lack
critical real-world dimensions such as market
economics, local wholesale pricing fluctuations,
supply-chain  dynamics, or individual farmer
preferences.
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3. Explainability and Trust:

Existing models operate essentially as "black boxes."
There is a distinct absence of model-agnostic
explanation frameworks (such as SHAP or LIME) to
justify recommendations, which severely hinders a
farmer's willingness to trust and adopt the software.

4. Generality & Datasets:

Many published results are bound to small-scale,
localised regional data. Cross-region generalisation
capabilities and clear dataset provenance are
consistently underreported.

5.Operational Metrics:

Real-world performance indices such as end-to-end
execution latency, website/mobile responsiveness on
entry-level hardware, and field usability testing—are
rarely documented systematically.

D. Proposed Advancements and Contributions

This research paper directly advances the field by
systematically targeting these open challenges through
our developed web-based intelligent guidance
platform:

e Broader Comparisons:

We evaluate the core Random Forest model against
advanced deep learning frameworks (including
feedforward neural networks and lightweight, tabular-
focused CNN architectures) alongside a hybrid rule-
based structure.

e Richer Feature Set:

Beyond traditional NPK, pH, and climate variables,
our backend architecture uniquely integrates market
pricing data, seasonal constraints, and user preference
algorithms into a unified recommendation matrix.

e Explainability:

To build absolute user trust, the application introduces
feature-level explanations via feature-importance
weight rankings and SHAP interpretations, clearly
demonstrating to the farmer why a specific crop was
chosen.

e Robust Validation:

The predictive engine is validated using multi-region
agricultural datasets and rigorous hold-out region
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testing combined with repeated $K$-fold cross-
validation to ensure global scalability.

e Operational Evaluation:

Rather than relying purely on theoretical metrics, we
comprehensively measure and report end-to-end
processing latency on representative, low-cost
smartphones and rural computers, validating the
system's practical responsiveness for grassroots
farming environments.

IV. METHODOLOGY AND SYSTEM
ARCHITECTURE

The development of the proposed intelligent crop
recommendation framework is executed through a
structured, multi-phase methodology. This approach
ensures precision in data processing, algorithmic
efficiency, and seamless user accessibility by
systematically bridging user inputs with predictive
backend modelling.

A. Data Collection and Preprocessing

The foundational phase of the methodology involves
compiling multi-dimensional datasets to establish
rigid crop suitability criteria.

Soil and Climate Data:

A primary agricultural dataset consisting of diverse
instances of crop growth requirements is utilised. The
dataset charts biological boundaries for various crops
based on core soil parameters including Nitrogen (N),
Phosphorus (P), Potassium (K), and potential of
Hydrogen (pH) levels, alongside historic regional
climate metrics (temperature, humidity, and rainfall).

Economic Data Integration:

To implement the financial optimization aspect of the
project without placing data-retrieval overhead on the
user, wholesale crop market price vectors are
established. These pricing metrics are integrated
directly into the application's internal system database.

Data Cleaning:

The raw dataset undergoes preprocessing to handle
missing values, eliminate noise, and scale feature
variables, ensuring high performance during machine
learning training.
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B. System Design and Flow Architecture
The architectural blueprint of the application follows a
lightweight, decoupled web-based design consisting of
a frontend user interface, a centralised application
backend, and an ensemble machine learning execution
layer.

SYSTEM FLOW ARCHITECTURE: WEB APPLICATION

WEB BACKEND SERVER
Input Parameters . TRAINED MODEL
(pH, N, P.K) RANDOM FOREST (Historical Agri Data)
CLASSIFIER MODEL v

WEB Compied| | Feature Integration DECISION ENGINE /

Enters| oy CONTROLLER | Soi ol s Eomi RANKING LOGIC

o ENGINE Data || ¢ 2
Data PH.N,P.K —>| Dual Optimization
— > |(eg. FlaskDjango| o ," | Ensemble Decision | [T (Compatibilty +
Manual Data Entry AP) Pries || (Muliple Trees) Economic Value)
USER User Interface Optimization Check Ranking & Filtering
(FARMER) (Yield & Profit)
INTERNAL SYSTEM
DATABASE RECOMMENDATION
Embedded Data TRAINED MODEL Cellerlt
Current Crop T l¢—{ Ranked Best Crops
Market Prices (Historical Agn Data) Compatibilty Score
) |
Projected Market
Recommended  Displayed on 4
Cropresults  Web Interface {LiSukabity

1. Presentation Layer (Frontend):

A user-friendly, responsive website interface designed
for accessibility across smartphones and computers. It
captures user inputs exclusively through a manual
data-entry form where farmers type in their laboratory-
verified soil metrics (N, P, K, and pH).

2. Application Logic Layer (Backend):

The controller engine of the application. It receives the
soil metrics from the frontend via an API call and
automatically binds these inputs with the internally
managed crop market price values fetched from the
internal system code.

3. Machine Learning Layer (Random Forest Model):
The predictive core of the system. The integrated data
matrix is fed into the trained Random Forest classifier.
By aggregating an ensemble of independent decision
trees, the model evaluates non-linear correlations
between soil chemistry and crop viability, generating a
final dual-optimised recommendation ranking those
favours both high agricultural yield and optimal
market profitability.

C. Implementation

The system implementation converts the architectural
design into functional software. A Python micro-
framework, such as Flask or Django, serves the trained
machine learning model, while scikit-learn is used to
implement a Random Forest Classifier. During
training, the model builds an ensemble of decision
trees using bootstrap aggregating (bagging) on the
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training dataset. Each decision tree selects splits by
maximising impurity reduction, typically via Gini
impurity or entropy. The trained model predicts the
most suitable crop category based on input features
such as soil conditions, climate variables, crop
requirements, and market-related parameters. Finally,
the system maps those predictions into crop
recommendations that balance biological
compatibility with economic viability.

D. Validation

To verify the reliability of the predictive engine,
rigorous validation protocols are executed. The dataset
is split into training and testing subsets (for example,
80:20), so the model is evaluated on unseen
agricultural examples. K-fold cross-validation is also
performed to ensure the Random Forest generalises
effectively across varying soil and climate conditions
and avoids overfitting. Finally, the model’s outputs are
cross-checked against historical agricultural yields and
regional agronomy expert guidance to confirm that the
crop recommendations are practically sound for local
farming environments.

E. Evaluation

The final phase focuses on measuring both the
algorithmic predictive performance of the backend
classifier and the operational usability of the web
application.

1)Predictive Performance
The classification accuracy and reliability of the
trained Random Forest model are quantitatively
evaluated using standard statistical metrics derived
from a confusion matrix:

TP+ TN

Accuracy = —— —

TP+ TN+ FP 4+ FN

.. TP

Precision = ———

TP+ FP
Recall = l

TP + FP

Where:

o TP (True Positives): Crops correctly recommended
by the system that match the actual optimal choice.

e TN (True Negatives): Incompatible crops are
correctly identified and filtered out by the system.
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o FP (False Positives): Incompatible crops incorrectly
recommended by the system.

o FN (False Negatives): Suitable crops that the system
failed to identify or recommend.

2)Usability and System Performance

Beyond mathematical accuracy, practical usability is
assessed by measuring the system's processing latency.
Latency is calculated as the total time elapsed from the
exact millisecond the user clicks the "Submit" button
on the web frontend form to the moment the final dual-
optimised crop recommendation is rendered on the
interface. Based on the empirical insights gathered
from these wvalidations and evaluations, iterative
refinements are continuously applied to the
application's backend code and database queries. This
optimisation loop ensures high responsiveness,
minimised latency, maximal predictive accuracy, and
overall practical usefulness for grassroots farming
environments.

V. RESULTS AND DISCUSSION

A. Model Performance and Accuracy Analysis

The Random Forest model was trained and evaluated
against benchmark machine learning algorithms,
including Single Decision Trees, Support Vector
Machines (SVM), and K-Nearest Neighbours (KNN).
To ensure a robust evaluation, a standard 80:20 train-
test split was implemented along with 10-fold cross-
validation.

Classification Algorithm Accuracy (%) Precision(%) Recall (%)

Support Vector Machine (SVM)  89.2% 88.5% 89.0%
K-Nearest Neighbors (KNN) 91.4% 90.8% 01.1%
Decision Tree 93.1% 92.7% 93.0%
Proposed Random Forest Model = 96.5% 96.2% 96.5%

The quantitative results presented in the table
demonstrate that the Random Forest algorithm
achieved the highest performance, with a classification
accuracy of 96.5%. This superior performance is
primarily attributed to its ensemble architecture. While
individual decision trees are highly prone to
overfitting and sensitive to noise in soil metrics (N, P,
K, and pH), the Random Forest classifier constructs a
large ensemble of independent trees and uses a
majority voting mechanism. This effectively reduces
variance, dampens data noise, and models complex,
non-linear biological thresholds with high precision.
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B. Confusion Matrix Analysis

To gain a deeper understanding of the classification
errors, a confusion matrix was generated using the test
instances. The model demonstrated near-perfect
classification performance for distinctive crops such as
rice, cotton, and maize, which possess well-defined
and rigid chemical requirements.  Minor
misclassifications were observed among crops with
highly overlapping soil chemistry profiles, particularly
certain varieties of pulses and legumes. However, due
to the high number of estimators within the Random
Forest ensemble, these edge-case classification errors
were significantly reduced compared to standalone
machine learning models.

C. Web Backend Latency and Usability Results
Practical usability was assessed by measuring system
response latency under varying network states.
Because the application does not require complex
external IoT polling or real-time data API queries
during runtime, the data-delivery path remains
streamlined. The core processing loop, capturing
manual NPK and pH inputs, fetching internal market
price metrics, and executing the pre-compiled Random
Forest model, consistently completed in under 150
milliseconds. This low latency ensures a responsive
user experience and demonstrates that a lightweight
web application can deliver high-performance
predictive intelligence on resource-constrained
devices like basic smartphones or rural computers.
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VI. CONCLUSION

The proposed smart agricultural guidance system
effectively integrates soil, climate, and market-related
parameters to provide accurate crop recommendations
for farmers. By using a simple web-based interface
with manual data entry, the system removes the
dependency on costly loT devices and advanced
hardware, making it affordable and accessible for
small-scale and rural farmers. The implemented
Random Forest algorithm achieved strong predictive
performance with high accuracy, precision, and recall
when compared with other machine learning models.
System evaluation also confirmed fast response time
and low backend latency, enabling smooth operation
even on low-end devices and limited internet
connectivity.  Overall, the system enhances
agricultural decision-making through data-driven
recommendations, helping farmers reduce crop failure
risks, improve productivity, and maximise
profitability in a practical and user-friendly manner.

REFERENCES

[1] H. Al-Amari, M. K. Al-Saeed, and M. Nusir,
“Leveraging Machine Learning to Optimise Crop
Yield Prediction: Insights from Sustainable
Agriculture,” J. Intell. Syst. Internet Things
(JISIS), 2026.

[2] K. S. Lakshmi, N. V. Rao, and M. G. Prasad,
“Machine  Learning Based Smart Crop
Recommendation System,” in Proc. IEEE Int.
Conf. Computing, Information and
Communication Technologies (ICCICA), 2025.

[3] “Crop Recommendation System using Random
Forest Algorithm,” in Proc. IEEE Int. Conf.
Advanced Computing and Innovative
Technologies in Engineering (ICAAIC), 2023.

[4] P.S. Deshmukh, V. R. Pawar, and S. A. Kulkarni,
“Crop Recommendation System Using Machine
Learning,” in Proc. 5th Int. Conf. Advances in
Computing, Communication Control and
Networking (ICAC3N).

[5] P. A, S. Chakraborty, A. Kumar, and O. R.
Pooniwala, “Intelligent Crop Recommendation
System using Machine Learning,” in Proc. 5th Int.
Conf. Computing Methodologies and
Communication (ICCMC), 2021.

IJIRT 203776

[6] D. Balakrishnan, A. P. Kumar, K. S. K. Reddy, R.
R. Kumar, K. Aadith, and S. Madhan,
“Agricultural Crop Recommendation System,” in
Proc. 3rd Int. Conf. Intelligent Technologies
(CONIT), Hubli, India, 2023.

[7] S. K. Upadhyay and Vikas, “Intelligent Crop
Recommendation using Machine Learning,” in
Proc. Int. Conf. Automation and Computation
(AUTOCOM), Dehradun, India, 2024.

[8] A.Motwani, P. Patil, V. Nagaria, S. Verma, and S.
Ghane, “Soil Analysis and Crop Recommendation
using Machine Learning,” in Proc. Int. Conf.
Advancement in Technology (ICONAT), Goa,
India, 2022.

[9] S. Shastri, S. Kumar, V. Mansotra, et al.,
“Advancing crop recommendation system with
supervised machine learning and explainable
artificial intelligence,” 2025.

[10]T. M., V. S., and M. K., “Intelligent Crop
Recommendation Framework for Optimized
Agricultural ~ Productivity using  Machine
Learning Techniques,” 2026.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 301



