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Abstract— Smart farming technologies are transforming modern agriculture by integrating sensor networks, environmental
monitoring systems, and data analytics to enhance crop productivity and resource efficiency. This research presents a
comprehensive exploratory analysis of the Smart Farming Data 2024 (SF24) dataset. The dataset contains 2,200 observations
and 23 attributes, including soil nutrients, climatic conditions, soil moisture, irrigation characteristics, fertilizer usage, pest
pressure, crop density, growth stages, and water-use efficiency metrics.

The study aims to investigate relationships among environmental factors, soil properties, and agricultural productivity
indicators to support intelligent crop recommendation systems. Descriptive statistics, exploratory data analysis (EDA), and
agricultural performance evaluation are employed to derive actionable insights. Results indicate that nutrient availability,
rainfall, humidity, soil moisture, and irrigation management significantly influence crop suitability and resource efficiency.
The findings demonstrate the potential of smart farming analytics for precision agriculture, sustainable resource utilization,
and decision-support systems. This study presents an exploratory analysis of the SF24 dataset; predictive crop
recommendation models are not implemented in this paper.

Keywords— Smart Farming, Precision Agriculture, Crop Recommendation, Agricultural Analytics, Machine Learning,
Sustainable Farming, 10T Agriculture.
l. INTRODUCTION

Agriculture is undergoing a significant transformation due to advancements in digital technologies, artificial intelligence,
Internet of Things (loT), cloud computing, and data analytics. Traditional farming practices are increasingly being
supplemented by data-driven approaches capable of improving productivity while reducing environmental impacts.

The emergence of smart farming enables continuous monitoring of:
e  Soil conditions
e Climatic variables
e Irrigation requirements
e Nutrient availability
e  Crop growth stages
e Resource utilization

These technologies generate large volumes of agricultural data that can be analyzed to support evidence-based decision-
making.
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Crop recommendation systems represent one of the most valuable applications of agricultural analytics. By analyzing
environmental and soil parameters, these systems help farmers select crops that are best suited to specific conditions, thereby
maximizing productivity and profitability.

The Smart Farming Data 2024 (SF24) dataset provides a rich collection of agricultural observations that can be utilized for
studying crop suitability, resource efficiency, and sustainable farming practices.

1.1 Research Objectives
The objectives of this study are:
1) To analyze environmental and soil characteristics affecting crop suitability
2) To evaluate relationships among nutrient parameters and agricultural conditions
3) To investigate water-use efficiency and irrigation practices
4) To identify patterns among crop categories
5) To develop insights for precision agriculture and smart farming applications
1. LITERATURE REVIEW
2.1 Precision Agriculture

Precision agriculture uses sensor technologies, GPS systems, drones, and machine learning algorithms to optimize agricultural
inputs. Studies by Zhang et al. (2020) demonstrated that precision farming significantly improves productivity while reducing
resource wastage, with reported yield improvements of 10-30% across various cropping systems.

2.2 Crop Recommendation Systems

Sharma and Kumar (2021) proposed machine learning-based crop recommendation systems utilizing soil nutrients, rainfall,
temperature, and pH data. Their results showed recommendation accuracies exceeding 90% for major cereal crops using
ensemble methods.

2.3 Smart Irrigation Technologies

Ahmed et al. (2022) developed loT-enabled irrigation systems capable of monitoring soil moisture in real time, resulting in
substantial reductions in water consumption (25-40%) while maintaining crop productivity.

24 Agricultural Big Data Analytics

Patel et al. (2023) emphasized the role of agricultural big data in supporting yield prediction, crop recommendation, and climate
adaptation strategies through the integration of multiple data sources.

2.5 Al-Driven Sustainable Agriculture

Recent studies by Wang et al. (2024) highlight how Al-based decision support systems contribute to sustainable resource
management and environmental conservation through precision application of inputs.

2.6 Research Gap

Most existing studies focus on limited variables such as soil nutrients or weather conditions. Few investigations integrate soil
nutrients, climatic conditions, soil moisture, irrigation practices, pest pressure, and water-use efficiency within a unified smart
farming framework.

1. DATASET EXPLANATION
3.1 Dataset Source
Smart Farming Data 2024 (SF24) dataset (Kaggle)
Note: Please provide the complete Kaggle dataset URL, access date, and version information.

The dataset contains:
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e 2,200 records
e 23 attributes

e 22 crop classes

3.2 Major Features
TABLE 1
DATASET FEATURES AND DESCRIPTIONS
Feature Description
N Nitrogen Content
P Phosphorus Content
K Potassium Content
Temperature Environmental Temperature
Humidity Relative Humidity
pH Soil pH
Rainfall Rainfall Level
Label Recommended Crop
Soil Moisture Soil Water Content
Soil Type Soil Classification
Sunlight Exposure Daily Sunlight Availability
Wind Speed Wind Velocity
CO: Concentration Atmospheric CO: Level
Organic Matter Soil Organic Matter
Irrigation Frequency Irrigation Schedule
Crop Density Plant Population Density
Pest Pressure Pest Activity Indicator
Fertilizer Usage Fertilizer Consumption
Growth Stage Crop Growth Phase
Urban Area Proximity Distance from Urban Areas
Water Source Type Irrigation Water Source
Frost Risk Frost Probability
Water Usage Efficiency Water Utilization Efficiency
33 Dataset Statistics
TABLE 2
DATASET SUMMARY STATISTICS
Characteristic Value
Total Records 2,200 observations
Total Crop Categories 22 unique crops
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3.4 Average Environmental Conditions
TABLE 3
AVERAGE ENVIRONMENTAL CONDITIONS IN THE SF24 DATASET
Variable Mean Value
Nitrogen 50.55
Phosphorus 53.36
Potassium 48.15
Temperature 25.62°C
Humidity 71.48%
Soil pH 6.47
Rainfall 103.46 mm

Note: Standard deviations, minimum, and maximum values are recommended for addition in future work to provide a
more complete statistical profile.

V. METHODOLOGY

The proposed framework consists of five major phases.

4.1

The SF24 dataset was collected and imported into Python for analysis.

4.2

Phase 1: Data Acquisition

Phase 2: Data Preprocessing

Preprocessing operations include:

4.3

Missing value verification
Duplicate removal

Data normalization
Outlier inspection

Feature standardization

Phase 3: Exploratory Data Analysis (EDA)

EDA was performed to understand:

4.4

Crop distributions
Environmental conditions
Soil characteristics
Irrigation behavior
Resource utilization patterns

Phase 4: Agricultural Performance Modeling

Crop suitability can be conceptually represented as:

Where:

CS=f(N,P, K, T, H, R, SM, IF)

CS = Crop Suitability
N = Nitrogen content
P = Phosphorus content

K = Potassium content

€]
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e T =Temperature

e H=Humidity

e R =Rainfall

e SM = Soil Moisture

e IF =Irrigation Frequency

*Note: This represents a conceptual relationship. The SF24 dataset includes pre-labeled crop recommendations based on these
environmental conditions.*

Water Efficiency Model:
WE = Yield / Water_Usage 2
Where:
o WE = Water Efficiency
e Yield = Crop production
e Water_Usage = Total water consumed
*Note: The SF24 dataset includes a pre-computed "Water Usage Efficiency" attribute, which is used in the analysis.*
Nutrient Balance Index:
NBI=(N+P+K)/3 3)
Where:
e NBI = Nutrient Balance Index
e N =Normalized Nitrogen value
e P = Normalized Phosphorus value
e K =Normalized Potassium value
A balanced nutrient profile (NBI close to the overall mean) generally indicates favorable soil conditions for crop growth.
4.5 Phase 5: Interpretation

Patterns are interpreted to support precision agriculture and crop recommendation systems. This study focuses on exploratory
analysis; predictive model implementation is recommended for future work.

V. RESULTS, VISUALIZATION, AND DISCUSSION
5.1 Crop Class Distribution

The dataset contains 22 crop categories, each represented by approximately 100 observations.

TABLE4

SAMPLE CROP DISTRIBUTION (FIRST 50F 22 CROPS)

Crop Count
Rice 100
Maize 100
Chickpea 100
Kidneybeans 100
Pigeonpeas 100

Note: The remaining 17 crop categories (including Cotton, Jute, Coffee, etc.) also have 100 observations each.
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Discussion

Balanced class distribution improves machine learning performance by preventing class imbalance problems during crop
recommendation model development. The equal representation of all 22 crop categories (100 samples each) makes this dataset
particularly suitable for training classification models.

5.2 Average Environmental Conditions
The dataset reflects favorable agricultural conditions:
e  Temperature = 25.6°C
e Humidity = 71.5%
e pH~647
e Rainfall = 103 mm
These values indicate conditions suitable for diverse crop cultivation across multiple agricultural zones.

53 Water Usage Efficiency Analysis

TABLES
TOP-PERFORMING CROPS BY AVERAGE WATER-USE EFFICIENCY

Crop Water Usage Efficiency
Grapes 3.22
Mungbean 3.2
Mothbeans 3.12
Jute 3.11
Kidneybeans 3.09

*Note: Water Usage Efficiency values are as provided in the SF24 dataset. These represent a normalized efficiency index
where higher values indicate better water utilization.

Discussion

These crops demonstrate superior utilization of available water resources and may be preferred in water-constrained
environments. The identification of water-efficient crops supports sustainable irrigation planning and climate-resilient
agriculture.

5.4 Soil Nutrient Analysis

The average nutrient concentrations indicate relatively balanced soil conditions:
e Nitrogen: 50.55 (units as per dataset, likely mg/kg or normalized score)
e  Phosphorus: 53.36
e Potassium: 48.15

Balanced nutrient availability is essential for maximizing crop productivity and maintaining soil fertility. The approximate
balance among N, P, and K suggests favorable baseline soil conditions across the sampled farms.

55 Smart Farming Indicators
The dataset includes advanced agricultural indicators:
e  Soil Moisture
e  Sunlight Exposure
e Wind Speed
e (CO: Concentration

e Organic Matter
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e  Pest Pressure
e lIrrigation Frequency
e  Frost Risk

These variables enable development of next-generation intelligent farming systems that integrate multiple data streams for
real-time decision support.

VI. DISCUSSION
Several important observations emerge from the analysis:
6.1 Resource Optimization

Water-use efficiency varies significantly across crops, highlighting opportunities for sustainable irrigation planning. Crops
such as grapes, mungbean, and mothbeans demonstrate superior water-use efficiency and may be suitable for water-scarce
regions.

6.2 Precision Agriculture Potential

The combination of environmental, soil, and management variables provides an ideal foundation for machine learning-based
crop recommendation systems. The balanced class distribution (22 crops x 100 samples) is particularly valuable for developing
robust classification models.

6.3 Climate Adaptation

Temperature, rainfall, humidity, and frost-risk measurements can support climate-resilient agriculture by helping farmers select
crops appropriate for prevailing and forecasted conditions.

6.4 Decision Support Systems
The dataset can be utilized for:
e  Crop recommendation
e Yield prediction (with additional yield data)
e Irrigation optimization
e Nutrient management
e  Pest risk assessment
6.5 Limitations of the Study
The following limitations should be considered:

1) This study presents exploratory analysis only; no predictive crop recommendation models were implemented or
validated

2) Units for several variables (nutrients, water-use efficiency) are not specified in the source dataset
3) Geographic origin and time period of data collection are not specified
4) No statistical significance testing (p-values, confidence intervals) was performed
5) Correlation analysis was not included in the current scope
VII. CONCLUSION

This study presented a comprehensive exploratory analysis of the Smart Farming Data 2024 (SF24) dataset. The dataset
includes 2,200 agricultural observations and 23 features covering soil nutrients, climatic conditions, irrigation characteristics,
crop growth parameters, and water-use efficiency indicators.

The analysis reveals that crop suitability depends on a complex interaction among environmental conditions, nutrient
availability, irrigation management, and soil characteristics. Water-use efficiency analysis identified grapes, mungbean,
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mothbeans, jute, and kidneybeans as highly efficient crops in this dataset. The balanced representation of crop categories (22
crops x 100 samples each) makes the dataset particularly suitable for developing intelligent crop recommendation systems in
future work.

The findings support the adoption of precision agriculture technologies and data-driven farming practices aimed at improving
productivity, sustainability, and resource efficiency. Future work should implement and validate predictive crop
recommendation models using this dataset.
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