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Abstract— To understand the variables affecting
Pakistan's cotton output, our research paper study
focuses on applying the PowerBI tool to analyze data
related to the cotton crop. We gathered data from two
fields in Rahimyar Khan and Shah Alam Shah,
Matiari, Sindh, to analyze the soil moisture content,
availability of fertilizer, and environmental factors to
improve agricultural practices and increase crop
yields. The dataset contains data from monitoring
dates and factors like temperature, humidity, soil
moisture content, and signal intensity. We forecast
cotton crop output, improve planting schedules, and
foresee possible issues like bug outbreaks using
predictive analytics. The study offers practical
suggestions for decision-making procedures about
fertilizer application schedules, irrigation schedules,
and the sustainability of cotton crops. Limitations
include data quality and scalability challenges, and
future research will focus on improving agricultural
techniques for better cotton growing.

Index Terms— Soil Moisture, Cotton Crop, Power Bl,
Agricultural Sustainability, Irrigation, 7 in 1 sensor.

I. INTRODUCTION

E have selected the cotton crop for data

collection and analysis in this study, due to its

economic importance and  widespread
cultivation in Pakistan. Cotton is an important cash crop
in Pakistan, with considerable economic and agricultural
benefits [1-6]. By concentrating on cotton  crop data,
researchers can get insight into elements influencing
cotton production such as environmental conditions, soil
moisture levels, and fertilizer availability. This research
can also provide useful information for improving
agricultural operations, maximizing crop vyields, and
increasing cotton farming sustainability [7 - 12]We
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collect cotton crop data from two distinct fields in
Pakistan. The data is gathered using a 7-in-1 sensor.
These dataset values were taken in Rahimyar Khan and
Shah Alam Shah, Matiari, Sindh with crop 2X in
Pakistan, with coordinates at 28°156.44"N and
70°25'3.73"E with sowing aat 5 May 2023 covering
41.4 acres, 28°10'58.55"N, 70°18'28.66"E with sowing
date 1  20thMay 2023 covering 52.6 acres, and
25°33'52.85"N, 68°26'41.39"E with sowing date 25 May
2023 covering 112 acres. The monitoring dates for the
above-mentioned coordinates are May 8, May 15, and
May 28, 2023. The dataset was further categorized into
Data Added, Humidity, APl Humidity, Temperature, API
Temperature, Heat Index, Soil Moisture, Soil M Contain
Moisture Raw Value, Soil Temp, Soil_EC Raw, Signal
Strength, and APIKey. SMSAck N_For_User
P_For_User,K_For User, Nitrogen, Phosphorus,
Potassium, N_From_Admin, P_From_Admin,
K_From_Admin, N_From_EC, P_From_EC,
K_From EC, Salinity, battery voltage, water
requirement, and reset status [13-20].

Il. DATA DESCRIPTION

Device ID 205 has the largest dataset by both row
count (2999) and data size (469 KB). This shows that
Device ID 205 collects more data or at a faster rate than
the other devices. Device ID 170 follows with a smaller
dataset than Device 1D 205, consisting of 1791 rows and
311.37 KB of data. Device 171 has the smallest dataset
among the three, with 1618 rows and 239 KB of data [21-
28].
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LITERATURE REVIEW

Examining how technological advances, analytics of data,
and agriculture interact, our research study supports important
ideas that highlight the value of using Power Bl to conduct
thorough agricultural data analysis. Below here Table 1
provides insights of the background study with its main target
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environmental
stewardship.

Data Visualization
Techniques [10]

Utilizes effective
data visualization
techniques in
Power Bl to
communicate

complex
agricultural  data
insights to
stakeholders,
facilitating
informed decision-
making  through
interactive

visualizations,
scatter plots, trend

Interactive
visualizations help
illustrate data
linkages and
trends

comprehensively,
aiding in decision-
making processes
[26, 30].

findings.
Target Areas Summary Research
Insights
Integration of 10T | Enhances real- | Real-time
Devices [9] time data | monitoring
collection and | insights  enable
monitoring in | rapid decision-
agriculture making on
through 10T device | environmental
integration within | conditions,  soil
Power BI, | moisture levels,
providing timely | and fertiliser
insights into | availability,
environmental critical for optimal
conditions,  crop | crop management.
health, and
irrigation
requirements.
Machine Learning | Empowers Correlation study
Algorithms [10] stakeholders with | reveals
predictive relationships
analytics between critical
capabilities by | variables like
incorporating humidity,
machine learning | temperature, soil
algorithms in | moisture, and
Power BI, | nutrient levels
enabling the | across  devices,
identification of | aiding in data-
patterns and trends | driven  decision-
in agricultural data | making.
for informed
decision-making
and resource
optimization. [23-
25]
Sustainability Promotes Insights aid in
Practices [11] sustainable improving
agricultural agricultural
practices such as | operations,
precision farming, | maximizing crop
resource yields, and
optimization, and | increasing

environmental
impact assessment

through data
analysis using
Power BI,
contributing to
long-term

productivity and

sustainability  in
cotton
farming.[27-29]

lines, and
correlation
coefficients.
Cross-Domain Explores the | Integration of data
Data Integration | benefits of | from various
[13] integrating sources offers a
agricultural  data | comprehensive
with weather | picture of
forecasts, market | agricultural
trends, and soil | operations,
health assessments | enhancing

in Power Bl to
provide a holistic
view of
agricultural
operations,
enabling informed
decision-making
and optimization
of farming
practices. [2-5]

decision-making.

Data Security and
Privacy [12]

Addresses

challenges related
to data security,
privacy, and
regulatory

compliance when
handling sensitive
agricultural data in

Power BI,
ensuring data
integrity,

confidentiality,

Implementation of
robust data
security measures

safeguards
agricultural ~ data
integrity and
confidentiality,
fostering trust
among

stakeholders [31-
35].




adoption of data
analytics tools in
farming practices

and regulatory
adherence.
Empowers Actionable
User Training and | agricultural recommendations
Adoption[15-17] stakeholders with | provided for
user training and | irrigation
adoption strategies | scheduling,
to leverage Power | fertilizer use, and
Bl effectively for | cotton crop
data-driven management
decision-making, methods,
enhancing user | enhancing
proficiency  and | decision-making
promoting the | processes. [30-31]

implementations
of Power BI in

agricultural  data
analysis  through
case studies and
best practices,
demonstrating
tangible  benefits
and outcomes
achieved in
optimizing
agricultural
operations,
increasing
productivity, and
promoting

sustainability.

[6-8].
Case Studies and | Showcases Insights from case
Best Practices [12] | successful studies guide

decision-making,
increase

production,
promote

sustainable
agriculture
techniques.

and

Table 1- Literature Findings

V. MATH

We used data from Rahim Yar Khan (May 5, 2023, and May
10, 2023) and Shah Alam Shah (Matiari, Sindh, August 25,
2023) for our "Exploratory Data Analysis (EDA) Process." We
created summary statistics and used KDE's pair charts and
correlation matrices (heat map) to show the data correlations
between each attribute. Applied visualisation and analytics
using the pandas and Seaborn libraries on Microsoft Power Bl
desktop, as well as cleaning and manipulating the dataset in
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Power Query Editor. To prepare the dataset for further research
or data modelling, we took considerable effort to identify and
remove outliers as illustrated here in Figure 1,2 and 3 [1]

CORRELATION MATRIX

H

Figure 1 - Device ID: 171

Correlation Matrix

Figure 2 - Device ID: 170

CORRELATION MATRIX
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Figure 3 - Device ID: 205

A. RELATIONSHIP BETWEEN TEMPERATURE AND
HUMIDITY

In Power Bl Desktop, the scatter plot depicting the
relationship between Temperature and Humidity suggests a
discernible pattern as illustrated below here in Figure 4,5 and 6,
revealing a moderate negative correlation with a correlation
coefficient of -0.6642,-0.66 and -0.61 from device Id 170, 171
and 205 respectively. This indicates that as temperatures
fluctuate, there is a tendency for humidity to decrease,
providing valuable insights into the inverse association between
these two variables [36-37].
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Figure 6- bevice ID: 205

B. Temperature vs APl Humidity:

Implemented scatter plot in Power Bl with temperature on
X-axis and APl humidity on y -axis. Since the correlation
coefficient is negative: -0.046570113,-0.1for device Id 170
and171 respectively . It shows there is a weak negative
correlation between them. The trend observed indicates that as
temperature increases, API humidity tends to decrease slightly.
Similarly for device ID 205 The value of correlation coefficient
is 0.01, which shows there is a very weak positive linear
relationship between temperature and APl humidity. The
correlation is closer to zero, suggesting that there is almost no
linear association between the two variables in this case. As
shown below here in Figure 7,8 and 9.

Humidity and AP| Humidity

Figure 7- Device ID: 170
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C. Humidity vs APl Humidity:

We generate another scatter plot in Power Bl with humidity
on x-axis and API humidity on Y-axis showing correlation
coefficient. Device Id 170,171,205 depict positive correlation
between humidity and APl humidity with correlation
coefficient of 0.1, 0.5, 0.64 respectively. The trend lines
indicate that as humidity increases, APl humidity tends to
increase as well as shown below here in Figure 10,11 and 12.

Humidity and AP| Humidity

Figure 10- Device ID: 170

HOMIDITY vs APTHUMIDITY

KPT Humidrty V3 Humidity

Figure 12- Device ID: 205



D. Temperature vs Heat Index:

Utilizing a Power BI scatter plot with temperature on X and
heat index on Y-axis we observe a notable strong positive
correlation  coefficient 0.79386607, 0.7,0.89 between
temperature and heat index of device Id 170,171 and 205
respectively. Enhance the visualization with trend lines for
clearer insights. As trend suggests that as temperature increases,
the heat index also tends to rise significantly.

E. API Temperature and Heat Index:

With a correlation coefficient of 0.701720004,0.6 and 0.84
indicating a strong positive correlation, of device Id 170,171
and 205 respectively. There is a clear relationship between API
temperature and heat index. Employ a scatter plot in Power B,
placing API temperature against the heat index. The pattern
observed shows an increase in API temperature is associated
with a noticeable rise in the heat index. As shown in Figures
13,14 and 15.

Ratatinship Between Tamparatare and Heat index

DL ———

Figure 13- Device ID: 170

Tomporature VS Hoat Index

Figure 14- Device ID: 171

TEMPERATURE VS HEAT INDEX
Correlation Coefficient: 0.89
omper s V3

API TEMPERATURE VS HEAT INDEX
Correlation Coefficient: 0.84
e

Figure 15- Device ID: 205

F. HUMIDITY AND HEAT INDEX

Implemented Power BI scatter plot with humidity on X and
heat index on Y o device Id 170,171 and 205 using correlation
coefficient of -0.457539308, -0.3 and -0.37 respectively
signifying a moderate negative correlation, there is a
noteworthy relationship between humidity and heat index. The
trend suggests that as humidity decreases, the heat index tends
to increase moderately, shown in Figures 16,17 and 18.
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Reiationship Betwesn Humidity and Heat Index

Figure 16- Device ID: 170

HUMIDITY VS HEAT INDEX

Figure 17- Device ID: 171

Humidity VS Heat Index

Figure 18- Device ID: 205

G. RELATIONSHIP BETWEEN TEMPERATURE AND API
TEMPERATURE

With Power BI, we create a scatter plot for device ID 170,171
and 205 temperatures on X-axis and APl temperature on Y Axis
and vice versa to visualize the correlation coefficient of 0.91,
0.9.0.89 suggesting a strong positive relationship between the
two variables. Observed Trend: The trend lines indicates that as
the temperature increases, the APl temperature also increases,
and vice versa, as shown in Figures 19, 20 and 21.

mperatore and KT Yemperature

Figure 19- Device ID: 170

TEMPERATURE vs API TEM

Figure ZO;Y'I‘DYevice ID: 171
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Figure 21- Device ID: 205

H. Trends of Soil Moisture on Nutrient levels

The plots visualize the relationship between soil moisture
and nutrient levels for each nutrient. Three separate Scatter
plots are created in Power Bl Desktop for Nitrogen (N),
Potassium (K) and for phosphorus (P). The scatter plot for
nitrogen shows how nitrogen levels in the soil vary with
changing soil moisture. Similarly, the scatter plot for potassium
or phosphorus illustrates the relationship between soil moisture
and the respective nutrient levels. Analyzing these plots helps
in understanding how Soil moisture impacts the availability or
concentration of each nutrient, aiding in agricultural or
environmental assessments. As shown in Figures 22 and 23.

Device ID 170:

Impact of Boil Molsture on Mutrient levels

Figure 22- Impact On Soil Moisture

Relationship Between Soil Moisture and Potassium
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Figure 23- Relationship between Nutrient values on Soil Moisture

Device ID 171:

TRAPAEY GF RGIL WO1R TURE G WU TRIENT LEVELS

Figure 24- Impact On Soil Moisture
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Tmpact of Soll Molsture on Potassium
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Figure 25- Relationship between Nutrient values on Soil Moisture

Device ID 205:

TMPACT OF SOTC ON

TLEVELS

Figure 26- Impact On Soil Moisture

Tmpact of Sod Maistae on Phospbersas
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Figure 27- Relationship between Nutrient values on Soil Moisture

V. RESULTS

Our Analysis of agricultural data using Power Bl generated
considerable insights across multiple dimensions. Correlation
studies revealed correlations between critical variables such as
humidity, heat index, temperature, APl temperature, soil
moisture, and nutrient levels across multiple devices. Trend
analysis revealed trends that represent the impact of changing
climatic elements on agricultural metrics, such as the positive
correlation between temperature and API temperature, as well
as the link between soil moisture and nutrient levels. Real-time
monitoring insights enabled rapid decision-making on
environmental conditions, soil moisture levels, and fertilizer
availability, which is critical for optimal crop management.



Interactive visualizations, such as scatter plots, trend lines, and
correlation coefficients, helped to comprehensively illustrate
data linkages and trends. Plotting a line chart in Power B, a line
graph plotted represents the trend over a one-year period. The
X-axis represents time, likely labelled with months, covering the
entire 2023 year and y-axis displays the levels of soil moisture
and the respective nutrient (nitrogen, potassium, or
phosphorus).The line on the chart depicts how the nutrient
levels change with different devices over the course of the year
in correlation with soil moisture. Observing the line provides
insights into seasonal variations or patterns in nutrient levels
based on the soil's moisture content as seen below in Figures
28, 29 and 30.

Figure 28- Device ID: 170

TREND OF SOIL MOISTURE OVER A PERIOD OF YEAR 2023

Figure 29- Device ID: 171

TREND OF SOIL MOISTURE OVER A PERIOD OF YEAR 2023

Figure 30- Device ID: 205

Comparing all above-mentioned data from multiple devices
enabled the detection of fluctuations in agricultural factors,
which aided in the optimization of farming operations and
resource allocation. Furthermore, these predictive analytics
using current data from different devices allowed for the
forecast of cotton crop yields, the optimization of planting
schedules, and the anticipation of possible concerns such as bug
outbreaks, thereby increasing agricultural output.

VI. DATA AVAILABILITY:

Repository name: Zenodo

Data identification number: 10.5281/zenodo.8371502

Direct URL to data: https://doi.org/10.5281/zen0do.8371502
Repository name: figshare

Data identification number: 10.6084/m9.figshare.24186024.v1
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Direct URL to
https://doi.org/10.6084/m9.figshare.24186024.v1

data:

VII. LIMITATIONS

The limitations of our research paper include data quality
issues, limited data sources, a small sample size, reliance on
assumptions, the need for technical skill, the potential impact of
external factors, data security concerns, and scalability
constraints.

VIII. FUTURE WORK:

These insights presented in this research paper gave actionable
recommendations to aid decision-making processes about
irrigation schedule, fertilizer use, and overall cotton crop
management methods. Furthermore, the integration of data
from various sources, including weather forecasts, soil sensors,
and crop management systems, provided a comprehensive
picture of agricultural operations and performance. Overall,
these findings help to guide decision-making, increase
production, and promote the use of sustainable agriculture
techniques.
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