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Abstract

This study presents a data-driven and explainable hybrid machine learning framework for soil fertility assessment and
crop recommendation using the rds_crop_soil dataset 2020_2025, a structured dataset aligned with India’s Soil Health
Card (SHC) scheme. The dataset comprises 1500 samples and 19 agronomic and climatic features, including
macronutrients (N, P, K), micronutrients (Zn, Fe, Cu, Mn, B, S), and soil properties (pH, EC, OC), along with environmental
variables such as temperature and rainfall. The proposed approach integrates unsupervised K-Means for soil fertility
zoning with a soft-voting ensemble model combining Random Forest and XGBoost for crop prediction. Model
interpretability is ensured using SHAP-based feature importance and dependency analysis, enabling transparent
decision-making aligned with agronomic knowledge. The hybrid model achieves 97% accuracy, outperforming
individual baseline models across precision, recall, F1-score, and ROC-AUC metrics. Visual analyses, including pair plots,
correlation heatmaps, and cluster projections, validate the relationships among soil parameters and model robustness.
Although the dataset is synthetically structured, it closely reflects real-world SHC distributions, making the framework
suitable for precision agriculture applications, policy planning, and intelligent decision support systems. This study
contributes toward building scalable, interpretable, and region-aware Al solutions for sustainable agriculture in India.

Keywords: Crop Prediction; PCA; Precision Agriculture; Soil Fertility Classification; Soil Health Card (SHC); t-

distributed Stochastic Neighbor Embedding (t-SNE).

Introduction

The agricultural sector continues to be the
backbone of the economies of developing nations,
particularly the state of India, where the
preservation of agricultural output plays a crucial
role in sustaining the social and economic
development (1,2). The many national programs
have been effectively utilizing the information
collected from the large number of established
repositories, encompassing the soil profile of
various  macronutrient and micronutrient
elements (3-5). Therefore, the farmers are unable
to effectively allocate resources or receive data-
driven information to optimize crop yield growth
while maintaining SHC (6, 7). The introduction of
artificial intelligence (AI) and machine learning
(ML) in the past few years has been rapidly applied
as key enablers of innovative precision agricultural
solutions (8). Applications of techniques from
traditional ensemble models to more complex
models and techniques that utilize advanced
learning architectures are being successfully
deployed to address challenges and obstacles that
confront agronomists (9). In addition, hybrid and

ensemble learning methods have been shown to
perform significantly better than individual models
at classifying data as they can combine the
strengths of the various algorithms used to predict
the outcome (10-13).

A significant gap in research is the reliance on non-
lack XA,
agronomists and end-users unable to understand
how the models’ logic generates crop
recommendations (11, 14). The lack of a hybrid
model integrating unsupervised spatial clustering
followed by supervised classification is absent

transparent models that leaving

within the data. To address and bridge these gaps,
a new explainable hybrid ML framework is
proposed to predict combined soil fertility
assessments and multiple crop recommendations.
This framework establishes an architecture that
combines unsupervised K-Means clustering with a
supervised and XGBoost
algorithms. With a large dataset with complete soil
and climate data, the proposed framework can
predict which of the three recommended crops
(Wheat, Rice, and Maize) would grow best in
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their respective regions. The system achieves that
by using SHAP to create precise feature
attributions, resulting in an algorithmic
interpretation. To view the many variables
affecting the predictive outcome of each region, it
was necessary to employ both PCA and t-SNE to
visualize the high-dimensional datasets. The
outcomes indicate that it provides a scalable and
interpretable Al solution that can facilitate the
development of sustainable and climate-resilient
agriculture policies with improved decision-
making abilities based on accurate
recommendations.

The research objectives of this study are:

(a) Build a hybrid machine learning architecture
that combinesboth an unsupervised K-Means
spatial clustering step with a supervised soft-
voting  ensemble  to optimize  crop
recommendations.

(b) Compare the proposed hybrid framework
against stand-alone baseline models using
structured SHC parameters and evaluate the
predictive validity of predictions produced by
the hybrid framework.

(c) Validate the
distributions and model strength through high-

underlying soil nutrient
dimensional visualizations.

The goal of the research is to answer the following

questions:

RQ1: How does integrating unsupervised (via K-

Means clustering) with a supervised approach

improve the multi-crop classification accuracy of a

hybrid machine-learning?

RQ2: What specific soil and land-based variables

will be recommended of Wheat, Rice, and Maize,

according to the SHAP analysis method of

interpretability?

RQ3: To what extent will the use of district-

provided Soil Health Cards the

geographic limitations of precision agriculture

systems?

eliminate

An Al-driven predictive modeling framework
aimed at estimating crop yields under varying
climatic conditions to address vulnerabilities in
global food security. The empirical
demonstrated that the Gradient Boosting model
significantly outperformed the other approaches,
successfully capturing the complex, nonlinear
relationships between climate extremes and
agricultural output. However, the authors noted a
relatively low explanatory variance (R2) across all

results
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models, identifying a substantial research gap:

the models lack crucial unmeasured factors such as
soil characteristics, crop phenology, and farm
management practices (15). Various data, such as
Nitrogen (N), Phosphorus (P), Potassium (K), pH
level, temperature, humidity, and rainfall, are
utilized by soil and environmental factors along
with ML models to predict suitable crops (16). The
inclusion of site-specific environmental variables
results in more relevant and practical crop
recommendations. To the best of our knowledge,
the proposed paper provides a sound base for
merging domain-specific knowledge with state-of-
the-art ML techniques in the agriculture sector
and confirms our assumption that soil health data
can greatly
decisions are made on precision agriculture
systems (17). An extensive systematic literature
review of the machine learning techniques applied
to enhance agricultural productivity and, more
particularly, for crop yield prediction. Research in
turn follows PRISMA guidelines which reduces the
studies from 776 to the 25 most relevant studies
(18). Decision Trees, Random Forest, Support
Vector Machines (SVM), K-nearest Neighbors, and
Gradient Boosting are among the most used

improve crop production while

algorithms (19). A smart farming solution based on
Al and IoT technologies for crop recommendations
and nutrient management was performed by
scanning 93 scientific publications (20). The
research classified the existing methods into soil
nutrient prediction, environmental condition
prediction and analyzing the satellite imagery for
the prediction of crop yield. It covers different
machine learning models including Logistic
Regression, Decision Trees, Random Forest,
XGBoost and deep learning methodologies like
CNN and LSTM networks (21-23). A synopsis of
the other related studies is shown in Table 1. The
research focuses on cotton, maize, and wheat crops
and uses convolutional neural networks (CNNs),
bi-directional long short-term memory (Bi-LSTM)
networks, and ensemble regression models. The
work motivates an openness to human-
interpretable and scalable deep learning models.
The previous the
effectiveness of various ML models for predicting
and recommending crop yields.

Additionally, few studies have effectively joined
government-issued soil data with hybrid classi-

fication and ensemble methodologies (24, 25).

research has confirmed
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Table 1: Comparison with Related Studies

Vol 7 | Issue 3

Key Focus Techniques Used Data Type Contribution Crop Type  Soil Name Country Dataset Limitations or References
Research Gaps
Crop Random Forest (RF), Climate (daily), Large-scale real 95 crop 32 soil Brazil (3961 Brazilian Ministry Lower F1in (26)
recommendation Gradient Boosting, soil types, data models; types types cities) of Agriculture + generalized models;
using climate + soil Logistic Regression + productivity localized vs. INMET class imbalance;
data Bagging, SVM + Bagging; general generalization
SMOTE performance challenges
Optimizing irrigation =~ Random Forest, LSTM, Real-time sensor  Improved crop Wheat, Sandy Egypt 10 years of High initial (27)
and fertilization Rule-based expert data (soil yieldsup to 13.1%, Maize, soils historical soil, sensor/infrastructure
scheduling in arid system (AI-DSS). moisture, WUE by 15.5%, Sugar Beet.  (Coarse- crop, and climate costs; requires reliable
sandy soils to nutrients, and reduced textured). data + real-time rural connectivity; does
maximize resource weather) and nitrate leaching by sensor data. not currently integrate
efficiency. historical crop ~45% compared remote sensing data or
performance to conventional pest/disease
records. practices. forecasting.
Reviewing the GNSS, FMIS, optical /EC Geospatial field Highlighted the Potato Not The Survey/field lab Slow technology (28)
adoption of precision  sensors, satellite data, satellite necessity of secure  (primary), specified. Netherlands data from the adoption due to
farming technologies,  imagery imagery data governance Onion, Netherlands uncertain ROJ, high
data governance (Landsat/Copernicus), (multispectral), (CoC) and Sugar Beet. precision farming complexity, and poor
(Code of Conduct), Al, PWM-nozzles, in-situ ground federated fieldlab (NPPL) data interoperability;
and farm data spaces  robotics, DSS. data, and platforms comprising >30 yield mapping accuracy
for agriculture. machine (Farmmaps) to farms. for tuber crops remains
operational data.  overcome limited.
interoperability
barriers and drive
sustainable crop
management.
IoT-driven real-time IoT (LoRa gateway, Real-time sensor  Achieved 99% 15+ crops Sandy India Kaggle Crop Simulated with (29)
data collection sensors), XGBoost, data (weather, accuracy with an including loam, Silty Recommendation laboratory sensors
combined with Cloud computing. soil parameters). XGBoost-loT Cotton, loam, Clay Dataset + Real- instead of actual field
machine learning for integrated system Maize, loam. time simulated deployment; ignores
accurate crop that updates soil Apple, sensor data. pest infestations, crop
recommendations. and weather Coffee, rotation, and irrigation
conditions Mango. frequency.
Multi-year crop ConvLSTM (Conv1D + Multivariate Developed a Rice, Not India ICRISAT District High computational (30)
rotation forecasting LSTM), GRU, LSTM, time-series data ~ hybrid ConvLSTM Wheat, explicitly Level Database cost, sensitivity to data
and proactive soil Random Forest, (production, model for crop Pearl Millet, specified (1978-2017). imbalance, and lacks
health management. XGBoost, SVM, KNN. yield, cultivated rotation Cotton, (General integration with real-
area). prediction. Maize, soil time.
Sorghum, health).
Soyabean.
Systematic review of  Supervised (RF, SVM, Soil parameters PRISMA review of  Various Multiple Global Various public & Fragmented research; (31)
ML + IoT for soil GBM, CNN, ensembles); (pH, nutrients, 77 studies; (fertility, sensor datasets need for more real-time
parameters in smart IoT sensors moisture, identifies best pH, (e.g., Soil Fertility integration
farming quality) Dataset)
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Ensemble crop
prediction from soil
physico-chemical
data

Al for sustainable
agriculture and crop
production

Integrated soil
quality classification
and crop yield
forecasting

Time-series crop
yield forecasting

Grasshopper
Optimization Algorithm,
RF, XGB

ML, DL, remote sensing;
[oT; robotics; UAV
analytics

Random Forest,
XGBoost, SVM/SVR

CNN-LSTM with
attention and skip
connections

fertility); loT
sensor data
pH, electrical
conductivity,
moisture,
nutrient levels

Satellite
imagery; sensor
time-series;
weather;

Custom Soil
Quality Index (N,
P, K, pH),
historical yield
records
Weather time
series, soil
moisture,
temperature

models &
frameworks
Ensemble model
(RF+XGB) guided
by GOA
outperforms
baseline methods
Comprehensive
taxonomy of Al
methods

Unified pipeline
for soil grading,
crop
recommendation,

Achieved RMSE

0.017 and R? 0.967

for wheat and rice
yield forecasts

Wheat,
Rice, Maize

Multiple
crops
(cereals,
vegetables,
fruits)
Multi-crop

Wheat, Rice

Varied
physico-
chemical
soil
profiles
Review
study

Mixed
(based on
SQl

classes)

Not
specified

India

Global

India

India

Laboratory soil
samples from
Maharashtra

Various public and
proprietary
datasets cited in
reviewed studies

Two Kaggle public
datasets (soil
parameters +
yield)

State-level
historical yield and
weather data

Vol 7 | Issue 3

Laboratory-scale data;
lacks dynamic loT-
sensor integration and
large-scale validation

Limited field-scale
validation; dataset
heterogeneity

Relies on publicly
available datasets;
needs local calibration
and farmer-centric Ul

Limited to two crops;
lacks remote-sensing
inputs and multi-crop
generalization

(32)

(6)

(33)

(34)

Note: DSS- Decision Support Systems, FMIS- Farm Management Information Systems, GNSS- Global Navigation Satellite Systems, GRU- Gated Recurrent Unit.
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The approach not only addresses Al technologies
with reliable national data but also highlights the
importance of preprocessing and dimensionality
reduction to enhance model interpretability. This
adds to the growing body of work promoting
explainable, scalable and regionally adoptable Al
solutions in agriculture, potentially informing
precision farming deployment, driving policy
making
agricultural practices in India and elsewhere (24,

and supporting climate-resilient
25). This study fills a critical gap by integrating
unsupervised clustering with supervised crop
recommendation, offering a scalable machine
learning framework that advances soil health
assessment and supports sustainable agricultural

policy.

Methodology

The dataset is taken from India's Soil Health Card
(SHC) scheme, via Cycle I, Il and 111, i.e., 2015-2017,
2017-2019 and 2020-2025. The data has an
extensive geographical coverage, spanning 33
states and Union Territories (UTs) in India. This is
a systematic and representative sampling of soil
from a 2.5 (hectare irrigated)/10-hectare (rain-
fed) grid as shown in Figure 1 for recommended
crops across different Indian states (35). The
domain comprises a six-year time frame, from

Vol 7 | Issue 3

2020 to 2025, with 1500 samples that mimic the
structure. One such record is for each soil analysis
report for a specific region and it represents
India’s varied agro-climates like arid areas,
subtropical plains and hilly areas.

Features and Variables

Each sample consists of 19 features, divided into
the following sub-categories:

(a) Soil Nutrient Content:

Macronutrients: N (kg/ha), P (kg/ha), K (kg/ha);
Micronutrients: S, Mn, Cu, Zn, Fe;

Soil Chemistry: Organic Carbon (0C), pH, Electrical
Conductivity (EC);

(b) Climatic Conditions:

Rainfall_ mm: Annual average rainfall (500-2000
mm);

Temperature_C: Mean temperature during the crop
cycle (10-35°C),

(c) Agricultural Outputs:

Yield_pred_ton_ha: Estimated yield potential in
tons per hectare;

(d) Target Variables:

Fertility_Class: Categorical label (Low, Medium,
High) derived from combined soil properties;
Recommended_Crop: Al-driven crop recommen-
dation among 3 major Indian crops (Wheat, Rice,
Maize).

LEGEND - CROPS

y:u" Wheat
14

% Rice
vl- Maize

STATE WISE CROP (MAJORITY)
DATASET SUMMARY StateUT st
Total Samples  : Jammu & Kasheir & Whneat
States/UTe | Himachal Pradesh & Wheat
Features Punjab & Wheat
Target Crops ] M
Uttarakhand & Wheat
Rajasthan & Wheat
Uttar Pradesh o Ree
Bihar Rice
Jnarkhand Rice
| WestBengal  Rice
| Assam § Ree
| Arunachal Pradesh b Rice
Sidim b Ree
Meghataya & R
Nagatand b Ree
Manipue & Rce
Mazoram & Ree
Tipua b Ree
Gujprat v Maize
Madhya Pradesh v Maze
| chhattisgarh v Maize
| Maharashts U Maize
Kamataka v Maze
Telangana & Ree
§ Rice
CROP DISTRIBUTION (All India) Odisha & Rice
B Tamil Nadu o Ree
J82% i g I Rice - 19 States/UTs (57.6%) Kerala b Ree
f | . | coa v Maize
s> Maize - 8 States/ UTs (24.2%) [ cransigan B s
M/( SR Wheat - 6States/UTs (18.2%) | Aswmangdoctrisnds  § Rice
A é\/ [DMQCO & Rice
This map shows the crop recommended for each state/UT based on the majority prediction
from the dataset rds_crop_soil_dataset_2020_2025.csv using the proposed machine leaming framework.

Figure 1: Recommended Crops Across Different Indian States
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Data Preparation and Labeling

Soil Fertility Classification: The Soil Fertility
Classification was based on the cutoff values
detailed according to Indian agronomy standards,
which separate the soil into Low, Medium and High
fertility classes based on nutrient content. Crop
Recommendation: A knowledge model with a
logic that matches known crops suitability based
on nutrient profile and environment, and which
can perform both classification (supervised
learning) and clustering (unsupervised learning)
(36, 37). All input data is normalized and
preprocessed to allow successful use of ML
algorithms, and feature distributions also follow
shapes observed

realistic in

databases.

Quality and Reliability

The dataset maintains:

(a) There are no missing values or null entries.

(b) Reasonable representation of all target classes
(to prevent the model from being biased).

(c) A realistic distribution of climatic and soil

government

conditions in models like observed Indian
regions (38).

(d) Potential to be a benchmark database for
intelligent agronomy applications.

Vol 7 | Issue 3

This data set is developed to meet the following
research requirements: Comparison of classifica-
tion models for predicting soil fertility and crop
type; Comparing the performance of ensemble
models - XGBoost + Random Forest; Applying K-
means clustering for unsupervised grouping of soil
types; Use of cross-validation (Holdout, K-Fold,
Stratification) for reliable model performance
assessment. This data-carving approach is largely
consistent with national initiatives in India, such
as the Digital India initiative, Soil Health Card
Mission and Precision Agriculture, and promotes
sustainable agriculture and improved decision-
making among Indian farmers (39, 40).

Proposed Methodology

To see farmers' soil fertility conditions and predict
their best crops, the research method applied in
this study tries to take advantage of supervised and
unsupervised machine learning. This method
consists of a series of structured methods
including dataset construction,
engineering and preprocessing, unsupervised
clustering, hybrid model construction, and
interpretation through exploratory visualizations
for the sake of interpretability to make it easy to
modulate and understand the whole process.

feature

DATA SOURCE LAYER DATA INGESTION AND PREPROCESSING FEATURE ENGINEERING MODELING LAYER RESULTS AND OUTPUT LAYER

Clustering Layer
Data Loading Exploratory Data Analysis State-wise
(K- Mcans) &
Load CSV Dataset (Distribution, Boxplots, Pairplots) - % Crop Recommendation
= f oa\ F 7Y
. :.';', .
Soil Health Card (SHC) -.“E';'.- SRR
; Missi Handli i
Inspired Dataset foaing Yalue Hending Correlation Anslysle K = 3 (Low, Medium, High)
Median Imputation (Identify relationships) (i Soil Fertility
D rds_crop_soil_dataset_2020_2025.csv ' @ Classification
5 . _ Classification Layer
1500 Samples =Y Outlier Detection and Removal ) [ 133 PCA Transformation » (Ensemble Learning) >
19 Feat A ic Threshold : :

9 Features (Agronomic Thresholds) A7* (Retain >95% Variance) Forest X % > Model Performance
33 States / UTs o Bon o ) ey, pocision
Period: 2020 - 2025 3 Feature Scaling = ) ) ‘)'I,R. o}@’b Recall, F1-Score)

S [ Nutrient Ratios ' '
Input Features (19) Slorciandte (@) (NP KOC, etc)
Macronutrients: N, P, K Soft Voting Classifier Explainable Al
Micronutrients: Zn, Fe, Cu, Mn, B, S Label Encoding .Ill' (SHAP Insights)
SN Propertien: pHl, 0, 0C ) LN Normalization 7| Feature Selection '
Climate Variables: Temperature, Rainfall e (SHAP Import. ) Output Layer
= (Predicted Crop
argets m Class Balancing j M and Reports and Visual
i b et SMOTE Technique N\ % lll Dashboards
o N A2
MODEL EVALUATION AND VISUALIZATION DEPLOYMENT AND APPLICATION LAYER [ uses |
E e
8 = 8 Agricultural Advisors
m Policy Makers
NG Carve p,«,,.,. Recall m« lm«-« / Prediction APH
T (REST APY) Bt Researchers
DATA FLOW OVERVIEW TECHNOLOGIES USED SYSTEM BENEFITS
r
i a) Accurate Crop Recommendation
o % @ 2 (%‘, S .. a |=|| ® (&éwm XGBoost b) Soil Fertility Assessment
Python Pandas  scikit-learn ©) Data-driven Decision Support
Pro«sud Features ML Models  Results ™ Matplotiib / d) Scalable and Interpretable
Hjii swae ® Seaborn ©) Supports Sustainable Agriculture

Figure 2: Flowchart of Proposed Methodology
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Figure 2 outlines a machine learning workflow
designed for crop recommendation and soil
fertility classification. The data were generated
from cycle I (2015-2017), cycle II (2017-2019)
and Cycle III (2020-2025) and pilot projects as
part of the Indian Government sponsored soil-
testing program Soil Health Card. It includes major
components such as nitrate (NO3-), phosphorus
(PO43-) and potassium (K) and minor components
such as pH, electrical conductivity (EC) and organic
carbon (OC). It also contains micronutrients,
which are divided into sufficient and deficient
levels, including zinc (Zn), iron (Fe), manganese
(Mn), copper (Cu), boron (B), and sulfur (S). The
original dataset had to do with categorical
columns that had to be parsed, multiple duplicate
origination information columns, and percentage
data fields in string form. This multistage cleaning,
imputation, and aggregation has converted the
data into a machine learning friendly data set
consisting of 61 features for each of 33 state level
records.

A few key preprocessing steps were taken to
enhance the quality of the data and simplify model
confirmation. Percentages were cast as floats and
state name columns that are extraneous were
added. Missing values, particularly in micronu-
trient data, were treated with forward fill and

Vol 7 | Issue 3

median imputation. Categorical variables for
different crops (Cotton, Paddy, Wheat) were
encoded using the label encoding technique and
the one-hot encoding technique for ROC-AUC
analysis, while continuous variables were
normalized for analysis using StandardScaler.

The orange points indicate noisy data or outliers
that were removed during the preprocessing stage.
A crucial part of the preprocessing pipeline was the
data cleaning and noise/outliers’ treatment. Real
agricultural data such as the SHC dataset may have
results with incorrect entries due to measurement
errors or inputting errors. To tune and strengthen
our model we used the method of outlier detection,
for which we compared the distribution of
agronomic parameters of our features to known
agronomic thresholds. This process is illustrated in
Figure 3 which gives us scatter plots of unordered
data for the main ingredients: Nitrogen (Figure
3A), Phosphorus (Figure 3B), Potassium (Figure
3C) and Rainfall (Figure 3D) with predicted yield.
Orange points shown are noisy data or outlier
points, which were detected and removed from the
dataset. This cleaning process is required to avoid
the model from learning from corrupted data
which would increase its accuracy and its capacity

to generalize to new real-world examples.

(A) (B)
351 e Nomal e oo o ’..': * vg .:.;--. 3.5 e Normal ‘... K o Jiog: & one B8
o Noisy/Outlir oo © 22 B T o Noisy/Outier vy {5 SRy .
30 ’ 30 8 2
) 8 . ©
3 3
€ 25 L2 & 25
] . X 0
& iy i e
T 20 AN s shetgt oo sety | B 20
EY demilsiosieniarin | |
X 3, I X LRI LI v ? N
- ’:‘x’-‘*}""? R RIRE A e | o
% Al 'G%'-' Fradery e Sk 8 ENE | 2
F 's"a:"r"'z ¢ s“a‘f’-"'z WE AR S | > 4
10 't’lﬂ?.\':c e e 1‘-’4(""?.'.{'?: Wee e pezen e 10 t S .
150 200 250 300 350 400 60 80 100 120 140 160 180 200
N (kg/ha) P (kg/ha)
(9] (D)
3.51 e Normal o e et 2 Wit . e 3.5 e Normal &N e
o Noisy/Outier ¢o ° e Fon e o Noisy/Outier o * °
- 3.0 . . . N - 3‘0 . .
© . [}
£ ‘ £
£ 25 L €25
e o ¥ T Sspames b RSN | &
T 20 Sde S, TRERE SR, om0
o 2 NS oF e s 2 o sttty o 2.
5 E?fi.r,.“‘%? i A e AT | |
] Ak AL R o i
T ORI o s T
=15 yx}#; 3 .&9{:- '75.’;.; 3 =15
v £ 94! RLHS o
> % ,‘3;\:,"!‘" o %" >
S 01
] AT : =
150 200 250 300 350 400 600 800 1000 1200 1400 1600 1800 2000
K (kg/ha) Rainfall (mm)

Figure 3: Visualization of Outlier Detection in Key Features. (A) Nitrogen, (B) Phosphorus,
(C) Potassium, (D) Rainfall
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We hand-crafted relevant representations during
the feature engineering step. Overall nutrient
sufficiency scores were generated by ranking the
proportions of high, medium, and low concen-
trations for each macronutrient and micronu-
trient. The ratios of nutrients, N:P, K: OC were
calculated. The high dimensional data was then
compressed using PCA, capturing > 95% of the
variance. The variation in soil fertility character
and type among the states is evident from the PCA
projection plot in Figure 4, which shows discrete
groups of areas with comparable nutrient profiles.
Feature distributions were analyzed for skewness
and outliers before scaling. PCA was applied only
after confirming high multicollinearity and to
retain over 95% variance. Although KMeans was

Vol 7 | Issue 3

chosen because of its effectiveness and
interpretability in delineating initial soil zones, this
work did not compare it to other clustering
algorithms. Due to the non-linear relation between
these clusters and the cluster features, future work
could use algorithms other than K-means such as
DBSCAN or hierarchical clustering algorithms for
nested soil profile relationships (41, 42). A
comparison of this nature has the potential to
define a basis for advancing the fertility zoning and
thus enhancing the classification accuracy of the
hybrid model. KMeans clustering with k=3 was
used to find underlying patterns in the data, and
th40 results showed a weak correlation with the
established soil fertility categories of low, medium,

and high.
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Figure 4: PCA Projection of K means Clustering

The
significance is highlighted by the visualisation of
these KMeans clusters, which
groupings that correlate to geospatial and agro-
climatic zones. t-Distributed Stochastic Neighbour
Embedding (t-SNE) was used to further investigate

clustering's biological and agricultural

show distinct

the separability of data points in a non-linear
context. The result is a scatter plot in Figure 5 that
displays distinct clusters that represent the latent
structure in the high-dimensional dataset.
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The spatial and structural analyses of the chemical
traits of the soil starting by pH levels distribution.
Figure 6 represents the streaming percentages of
acidic, neutral and alkaline soils across the dataset
with neutral soils clearly dominating. Under-
standing that pH affects where nutrients are and
the overall health of plants throughout the model
run, we can see this as a useful backdrop for our
visualization.
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Figure 6: Soil pH Distribution Across India

Figure 7 was constructed to explore further the
links among the main soil parameters. In the next
plot, we have mapped Nitrogen (N), Phosphorus
(P), Potassium (K), and pH against each other as
well as showing how these are distributed for
different fertility classes. The scatter plots display
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potential relations of various nutrients against
each other and the density plots plotted in a
diagonal show how their distributions change with
levels of low, medium or high fertility soils. Such an
exploratory analysis is necessary to reveal the
nature of the data object to model.
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Figure 8: Correlation Heatmap Showing the Correlation Between all the Features

We created a correlation heatmap shown in Figure
8 to determine the strength of relationships
between all the soil parameters, in addition to the
pair plot. It helps to identify redundant features
and potential multicollinearity issues. When we
compared the heatmap of the dataset before and
after PCA was used, it was seen that just around 5%
variance had been loss, but major redundant
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features were removed. This step helped ensure
the subsequent modeling is both computationally
efficlent and statistically rigorous, thereby
enhancing the hybrid performance as well as its
interpretability.

The SHAP analysis showed that only seven features
were significant for crop prediction: N (kg/ha), P

(kg/ha), K (kg/ha), pH, Rainfall (mm), Tempera-
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ture (°C), and Yield_pred (ton_ha). The selected
features are consistent with existing agronomic
knowledge, as soil nutrients (N, P, K), soil reaction
(pH), and climate factors (temperature,
precipitation) are known to be important
predictors for crop yield. We continued to step
past traditional feature importance methods and

Vol 7 | Issue 3

impacted the model’'s predictions. Figure 9
illustrates this point with the resulting SHAP
summary plot, which provides a more
comprehensive explanation by both showing a
feature's importance and its impact on different
crop classes. This methodology reflects the
principle of agronomic relevance, as it indicates

utilized the SHAP explainer for Dbetter that pH, Potassium (K), and the predicted Yield are
interpretability into how individual features the most important features.
pH
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Finally, to better understand the model's internal
mechanism, a SHAP dependency plot was shown in
Figure 10. Here, the diagram is isolating a feature
(Phosphorus - P) with its value on the x-axis and its
SHAP value on y-axis (how much the feature
affected the model output). Instead of an overview
of feature importance as in the summary plot, the
dependency plot shows you how a single attribute
or even 2 features combined result in the model
learning. This results in an extremely high-
resolution view of how the recommended impact
of phosphorus on the crop changes with its
concentration for this specific model decision-
making nature. Such a level of interpretability is
fundamental to corroborating the model's
behavior with the excellence in domain expertise
and contributing to trust in its predictions.

All the previously mentioned elements had an
impact on the creation of the final model
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architecture. The suggested model is a hybrid
ensemble classifier that incorporates aspects of
supervised and unsupervised learning. A soft-
voting ensemble of Random Forest and XGBoost
classifiers was used to perform supervised
classification after KMeans cluster labels were
added to the dataset as an additional feature. This
hybrid approach improves performance and
interpretability by using the knowledge gathered
from clustering to fine-tune the classification
decision boundaries. Here it should be mentioned
that the current framework is deployed based on a
database of soil and climate properties presented
in tabular form using the SHC scheme. This is also
a potential future direction for increasing the
utilization of real-time remote sensing data in EWS
which has in the
Work section. Following is Algorithm 1 of the
proposed hybrid model.

been discussed Future

Algorithm 1 - Proposed Hybrid Crop Prediction Model

Input:
Soil Health Dataset D

Features F = {N, P, K, pH, EC, OC, Rainfall, Temperature, Micronutrients}

Target Variables:
Crop_Type = {Wheat, Rice, Maize}
Fertility_Class = {Low, Medium}
Output:
Predicted Crop Type
Predicted Soil Fertility Class
Model Performance Metrics
Begin
Step 1: Data Collection
Load Soil Health Card (SHC) inspired dataset
Import soil nutrient and climatic attributes
Step 2: Data Preprocessing
Remove duplicate records

Handle missing values using median imputation

Detect and remove noisy outliers

Convert categorical variables into numerical format

Apply StandardScaler normalization

Balance target classes using SMOTE
Step 3: Feature Engineering

Perform correlation analysis

Generate nutrient ratio features:

N:P, N:K, K:0C

Apply Principal Component Analysis (PCA)

Retain components explaining >95% variance

Select important features using SHAP analysis
Step 4: Soil Fertility Zonation

Apply K-Means clustering on processed features

Set number of clusters k=3
Assign samples into:

Low Fertility

Medium Fertility
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High Fertility Zones
Step 5: Hybrid Model Training
Initialize Random Forest classifier
Initialize XGBoost classifier
Train Random Forest on training dataset
Train XGBoost on training dataset

Combine predictions using Soft Voting Ensemble

Step 6: Crop Type Prediction
Predict Crop_Type:
Wheat / Rice / Maize
Step 7: Soil Fertility Classification
Predict Fertility_Class:
Low / Medium
Step 8: Model Evaluation
Compute:
Accuracy
Precision
Recall
F1-Score
ROC-AUC Score
Generate:
Confusion Matrix
ROC Curve
SHAP Summary Plot
PCA and t-SNE Visualization
Step 9: Result Analysis
Compare Hybrid Model with:
Random Forest
XGBoost
Identify best-performing model
End
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Results and Discussion

The high predictive accuracy of the machine
learning models employed in this study justifies
the conventional statistical
analysis to computer intelligence and data mining
technologies in agricultural science (43). Random
forest (RF) and other ensemble learning models
developed as part of this study achieved better
performance and outperformed the linear baseline
models, which is comparable with recent research,
indicating that random forest can effectively
address the non-uniformity and noise issues of
agricultural datasets (44). The performance of the
proposed hybrid model was verified through
standard classification measures such as accuracy,
precision, recall, and AUC. The model was tested in
two different tasks: the prediction of soil fertility

transition from
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and the classification of the type of crop. Data
separation into training and testing sets. To ensure
that each crop class is well represented in the
training and testing subsets, a stratified 80:20
train-test split was performed (keeping the having
proportions of Wheat, Rice, and Maize, with Maize
proportions of Wheat, Rice, and Maize, with Maize
a relatively larger number of classes). Thus, it
sampling bias, and the model
evaluation happens smoothly with the real-world
class distribution. This model achieved very good
with
classification accuracy at 96% and crop type
prediction at 97%, thus indicating great ability to
generalize from the training data to novel ones.

causes less

predictive performance soil fertility
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Table 2: Accuracy Matrix of all the Proposed Hybrid Models

Model Accuracy Precision Recall F1Score ROC-AUC
XGBoost 0.9253 0.9266 0.9253 0.9256 0.97
Random Forest 0.9173 0.9191 0.9173 0.9166 0.98
Hybrid Model 0.97 0.96 0.97 0.96 0.99

(XgBoost+ Random Forest)

The different accuracy scores of the crop
prediction task are presented in the classification
report in Table 2 and Figure 11. The results reveal
that the model can discern crops from each other
regionally in terms of soil nutrient supply. All crops
were classified perfectly. This is supported by
looking at the confusion matrix shown in Figure 12,
where most of the predictions are on the diagonal.
The Wheat, Rice, and Maize class was accurately
predicted on all the test instances. The high true
positive rate, as well as the low false positive rate

for all classes from the model demonstrate the
model’s robustness. Table 2 outlines the
performance evaluation matrix comparing the
standalone baseline models with the proposed
hybrid approach. The results demonstrate that the
proposed Hybrid Model (XGBoost and Random
Forest) significantly outperforms the individual
models, securing the highest Cclassification
accuracy of 0.97 and an exceptional ROC-AUC score
of 0.99. The Hybrid Model consistently
outperforms individual models across all metrics.

XGBoost

1.050
B Accuracy
W Precision
1025 1 = Recall
. F1Score
1.000 1 mm ROC-AUC
099
0.98
0.975 1
)
]
o 0.950
3 093 083 083 09
0925 1 052 092 092 0%
0.900
0.875 1
0.850 -

Random Forest

Hybrid Model
Models

Figure 11: Comparison of Model Performance Metrics
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Figure 13: ROC Curve Analysis of the Proposed Model

In addition to the classification metrics, a Receiver
Operating Characteristic (ROC) curve is shown in
Figure 13 to evaluate the discriminative power of
the model among crop categories. The heavy
rotation of the curve towards the top left
represents strong outcomes. AUC score: The
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macro-averaged Area Under the Curve (AUC) is
0.99, indicating that the model is overall sensitive
and specific for all three crop classes and is very
suitable for multi-class crop prediction.

Additionally, the graphical representation of
feature importance helped interpret the logic of
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the model. Nitrogen (with greater importance in
“medium” and “low” sufficiency), pH (all levels)
and Potassium were some of the main variables in
the analysis. In summary, the hybrid model-based
K-Means clustering with RF and XGBoost exhibited
exceptional accuracy and acceptable interpre-
tability for data-driven agricultural advisory
applications. This method overcomes the
difficulties of big data analytics in precision
agriculture. Experimental results validate the
effectiveness of the proposed method, which is
comparable with the state-of-the-art methods and
further advances (16). Comparing with previous
works also supports these results. Previous multi-
crop or multi-region research showed R? ranging
from 0.65 to 0.92, and our framework showed
close or better results by conceptual verification,
emphasizing feature space, temporal aspects, and
diversified model ensemble (29, 30, 32-34).

Conclusion

The hybrid ensemble model with two base
learners, K-Means++ clustering algorithm, and
soft voting ensemble of Random Forest and XGB
classifiers is observed to be excellent in its
prediction potency with remarkable accuracy,
precision, recall and F1-score of 97%. The strong
performance also receives support through an AUC
macro-averaged of 1, which adds to its robustness.
One of the reasons behind such a remarkable
performance of the model is its spectacular design,
as evidenced by meticulous data pre-processing
and the tactical utilization of unsupervised K-
means clustering. The model can handle complex,
non-linear relationships in the data. It also retains
a higher interpretability, as such is shown in the
feature importance plots expressed in accordance
with the existing agronomic knowledge. Additional
confirmations are given by visual aids, including
ROC curves, confusion matrices, and t-SNE
visualizations, which confirm the
robustness and generalization for other soil types.

model's

Given that macro and micro levels of nutrients are
comprehensively combined, the model represents
the complex nature of the soil-crop system that is
usually overlooked in most conventional
assessments. In summary, this work shows that
the hybrid Al method is successful and is useful for
precision agriculture and it provides a manageable
and intelligent decision support system for
agronomists, policy makers and farmers. The
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framework offers an effective grounding for future
studies and research in localized crop
recommendations, soil treatment tactics, and
scaling Al-enabled farming solutions to the
commercial level.

Potential limitations of the proposed framework
include risks of overfitting due to model
complexity and possible sample imbalance within
the Soil Health Card dataset. These factors may
influence generalization across diverse agro-
climatic regions and should be considered when
interpreting the results. While the framework is
highly accurate, it is not a definitive solution for
growth in deploying the trained model. The steps
set out our vision for turning the research into a
usable tool for farmers i.e by using a mobile
application for farmers, would democratize entry
to data, bringing the value that may be gleaned
from SHC data - actionable insight.

To address these restrictions and bring this
research into use as a scalable, real-world
precision agricultural tool, the future part of this
work will concentrate on an implementation plan.
The creation of a mobile GPS application to
democratize predictive insights with specific crop
recommendations and nutrient management for
any farmer accessing the application. Secondly, the
inclusion of IoT sensors located in the field, in
order to provide updates on dynamic soil moisture,
temperature and N-P-K fluctuations will surpass
the restrictions of static data to supply continuous,
dynamic measurements that allow for hyper-
specific,
Finally, the framework will be extended to include
remote sensing data from satellites which will
produce real-time vegetation indices (e.g.,, NDVI)
and early monitoring of pest infestations, mapping

situationally-prescribed =~ modelling.

of water-related stresses, and highly accurate
estimates of yield. Automated retraining pipelines
capable of synthesizing the repeated updates of the
SHC database with the real-time [oT data and
multispectral
establishment of a real-time, responsive adaptive

satellite data will enable the

ecosystem for the management of resilient crops.

Abbreviations

AUC: Area Under the Curve, DBSCAN: Density-
Based Spatial Clustering of Applications with
Noise, DDD: Driver Drowsiness Dataset, IoT:
Internet of Things, NDVI: Normalized Difference
Vegetation ROC: Operating

Index, Receiver
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Characteristic, SHAP: SHapley Additive
exPlanations, SHC: Soil Health Card, T-SNE: t-
distributed Stochastic Neighbor Embedding, UTs:
Union Territories.
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