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Abstract— The increasing demand for sustainable and
efficient agricultural practices necessitates the integration of
smart technologies in farming.[1] Traditional irrigation systems
often result in overuse or underuse of water, leading to reduced
crop yields and resource wastage.[2] Additionally, manual
nutrient deficiency detection in crops is time-consuming and
prone to human errors.[3] To address these challenges, this
research presents CropGuard, an IoT-based smart irrigation
system with integrated nutrient deficiency detection.[4]
CropGuard automates irrigation by leveraging real-time
environmental data from soil moisture, temperature, humidity,
and sunlight sensors, optimizing water usage. [S] Furthermore,
it incorporates image processing techniques to analyze crop
health, identifying potential nutrient deficiencies and providing
actionable insights to farmers through an intuitive user
interface.[6] The proposed system enhances agricultural
productivity by ensuring optimal water management and timely
nutrient intervention, ultimately contributing to improved crop
yields and sustainable farming practices.[7]
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1. INTRODUCTION

Agriculture is a vital sector that sustains global food
security, but challenges such as inefficient water use and
nutrient deficiencies hinder productivity.[8] Traditional
irrigation methods often result in water wastage or inadequate
watering, negatively impacting crop health and yield.[2]
Additionally, farmers commonly rely on manual inspection to
identify nutrient deficiencies in crops, which is time-
consuming and prone to errors.[3] To address these
challenges, the integration of smart technologies in agriculture
has become essential.[1]

CropGuard is an innovative IoT-based smart
irrigation system with an integrated nutrient deficiency
detection module.[4] It leverages real-time sensor data to
automate irrigation based on environmental factors such as
soil moisture, temperature, humidity, and sunlight.[5]
Additionally, it employs image processing techniques to
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detect nutrient deficiencies in crops, providing farmers with
timely insights to optimize fertilization.[6] Through a user-
friendly interface, farmers can monitor crop conditions and
make informed decisions to enhance productivity.[4] This
research paper explores the development, implementation,
and benefits of CropGuard. It highlights the limitations of
existing systems, the technology stack used, and the expected
impact on modern agriculture.[9] By combining smart
irrigation and crop health monitoring, CropGuard aims to
promote resource efficiency, reduce environmental impact,
and support sustainable farming practices.[10]

II. LITERATURE REVIEW

The adoption of technology in agriculture has
significantly transformed traditional farming methods,
enabling smarter and more efficient resource management.[1]
As the demand for higher crop yields and sustainable farming
practices continues to rise, the integration of IoT, artificial
intelligence (Al), and image processing has become essential
in modern agriculture.[7] The increasing depletion of natural
resources, particularly water, necessitates precision farming
techniques to  optimize irrigation and nutrient
management.[8] Studies have shown that IoT-based smart
irrigation systems and automated nutrient deficiency
detection mechanisms can enhance agricultural productivity
while minimizing water and fertilizer wastage.[2] However,
existing solutions often focus on one aspect—either irrigation
automation or crop health monitoring—without offering a
holistic, integrated system.[4]

Traditional irrigation techniques such as flood irrigation,
sprinkler irrigation, and drip irrigation have long been used
in agriculture, but they come with significant
inefficiencies.[11] Flood irrigation, though commonly
practiced, leads to excessive water consumption, soil erosion,
and uneven water distribution.[12] Sprinkler irrigation is
more effective but is influenced by environmental factors like
wind and soil type, which can cause inconsistent watering
patterns.[13] Drip irrigation provides controlled water
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delivery, reducing wastage, but it lacks the intelligence to
adjust irrigation dynamically based on real-time weather and
soil conditions.[14] The advent of smart irrigation systems
using IoT has addressed these inefficiencies by enabling real-
time monitoring and autonomous water management based
on environmental parameters such as soil moisture,
temperature, humidity, and sunlight. Research conducted [2]
demonstrated that an [oT-enabled irrigation system with soil
moisture sensors and climate-based automation could reduce
water wastage by 30%. Similarly, [4] proposed an loT-based
precision farming system that integrates sensor data for
efficient irrigation scheduling. These studies highlight the
potential of IoT in optimizing water use, yet most existing
systems lack integration with crop health assessment.

While irrigation automation has advanced, nutrient
deficiency detection in crops remains largely dependent on
manual inspection.[3] Traditionally, farmers assess nutrient
deficiencies through visual symptoms such as leaf
discoloration, stunted growth, and texture changes.[6]
However, this method is highly subjective, labor-intensive,
and prone to human error. Recent advancements in computer
vision and deep learning have introduced automated solutions
for detecting nutrient deficiencies using image processing
techniques. Convolutional Neural Networks (CNNs) have
been widely utilized for classifying crop health conditions by
analyzing leaf images.[10] Research [3] demonstrated that
CNN-based models could accurately detect nitrogen,
phosphorus, and potassium deficiencies in crops by analyzing
specific leaf discoloration patterns.[6] explored feature
extraction methods such as color-based segmentation, edge
detection, and texture analysis to differentiate healthy and
nutrient-deficient crops. These approaches have improved the
accuracy of deficiency detection, but most image-based
models function independently of irrigation management,
limiting their effectiveness in holistic farm optimization.

Comparing existing smart farming solutions, it is evident
that most systems specialize in either irrigation automation or
crop health monitoring but rarely integrate both
functionalities.[4] For instance, research and focused solely
on smart irrigation, lacking a mechanism for nutrient
deficiency detection.[4] On the other hand, studies such as
[3]and [6] concentrated on crop health monitoring through
image processing without incorporating real-time
environmental data for irrigation control. The proposed
CropGuard system addresses this gap by combining IoT-
based smart irrigation with Al-driven nutrient deficiency
detection in a unified platform.

In conclusion, the literature review highlights the current
state of smart agriculture, focusing on IoT-based irrigation
systems and image processing techniques for nutrient
deficiency detection.[7] While numerous studies have
explored individual aspects of smart farming, very few have
proposed an integrated system that combines automated
irrigation with real-time crop health monitoring.

III. METHODOLOGY
Module 1: IoT-Based Smart Irrigation System

IJERT CONV 141 S050020

The IoT-based smart irrigation system is designed to
automate irrigation using real-time environmental data
collected from sensors.[4] The system integrates soil
moisture sensors, temperature and humidity sensors, and light
intensity sensors, all of which are connected to a
microcontroller unit (MCU) such as Arduino Uno or
ESP8266.[2] These sensors continuously  monitor
environmental conditions, and the collected data is processed
using an embedded system algorithm that determines whether
irrigation is needed.[5] The decision-making logic follows a
threshold-based approach, where irrigation is activated when
soil moisture falls below a predefined level and stops when
the moisture content reaches an optimal range.[13]
Additionally, the system considers temperature and humidity
variations to adjust irrigation frequency, preventing excessive
water loss due to evaporation.[12] The data is transmitted to
a cloud-based storage system via Wi-Fi or LoRa
communication, allowing real-time remote monitoring.[1]
The irrigation system is controlled using a relay-based
actuator connected to a water pump, which automates water
distribution efficiently.[7] This setup ensures that crops
receive adequate irrigation while minimizing water wastage
by approximately 30% compared to traditional methods.[2]
Future improvements to this module will include self-
calibrating sensors and predictive analytics using machine
learning, allowing for more dynamic irrigation scheduling
based on historical data trends.[10]

Module 2: UI Application for Real-Time Monitoring and
Control

The UI application serves as an interface between farmers
and the CropGuard system, providing real-time insights and
remote control functionalities.[7] It is developed as a web and
mobile-based platform using React.js for web applications
and Flutter for mobile devices, ensuring a responsive and
accessible user experience.[16] The back-end infrastructure,
built using Django or FastAPI, manages data processing,
sensor communication, and machine learning integration.[17]
Through the UI, users can monitor live soil moisture,
temperature, humidity, and sunlight levels, as well as
manually override irrigation settings if necessary.[14] One of
the key features of the Ul is its ability to process nutrient
deficiency analysis requests, where farmers can upload
images of crop leaves for Al-based analysis.[3]

The Ul application also stores historical sensor data, allowing
users to track environmental trends and optimize farming
strategies based on past performance.[2] Communication
between the Ul and IoT devices is facilitated using REST API
and WebSocket protocols, ensuring real-time data
transfer.[4] Despite its effectiveness, challenges such as
internet dependency and mobile optimization were identified,
which will be addressed by integrating offline mode
functionality and multi-language support in future
updates.[1]

Module 3: Machine Learning Model for Nutrient
Deficiency Detection

The machine learning model for nutrient deficiency detection
is designed to analyze crop leaf images and -classify
deficiencies in essential nutrients such as nitrogen,
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phosphorus, and potassium.[3] The model is trained using a
dataset consisting of annotated leaf images collected from

open-source agricultural datasets and field-captured St
samples.[6] To improve classification accuracy, the images

undergo preprocessing techniques such as noise reduction, ‘l

color segmentation, edge detection, and texture analysis

using OpenCV and TensorFlow.[10] The classification is Data is captured using
performed using a Convolutional Neural Network (CNN), loT sensors implanted
which extracts features from the input images through n the field
convolutional layers, max-pooling layers, and fully

connected layers.[7] “

The model’s final softmax layer provides probability scores Microcontroller
for different nutrient deficiencies, allowing accurate {Arduino Uno)
classification.[9] The system was trained on a GPU-powered

cloud platform, achieving an overall accuracy of 91.3% with *

a processing time of 1.8 seconds per image.[2] The model

was evaluated using precision, recall, Fl-score, and T ivers with

confusion matrix metrics to ensure robustpess.[S.] Hoyvever, B Jule
challenges such as dataset bias and misclassification of

overlapping symptoms were observed.[17] To improve ‘L
model performance, future iterations will involve expanding

the dataset to include more crop varieties, integrating hybrid

AT models that distinguish between nutrient deficiencies and Coordinator with
plant diseases, and enabling on-device Al processing for real- XBee module
time offline analysis.[1]

By integrating these three modules, CropGuard provides a
comprehensive, scalable, and intelligent precision agriculture

solution.[4] The ToT-based smart irrigation system optimizes Raspberry Pi

water usage, the Ul application enables real-time monitoring

and remote control, and the machine learning model enhances ¢

crop health management by identifying nutrient deficiencies

early.[2] Future improvements will focus on enhancing Cloud Server with 3 ]

sensor accuracy, improving connectivity with LoRa —» data storage and web ——» Data visualisation via

networks, integrating Al-driven predictive analytics, and services Smart Farm app

adding features such as automated fertilization

recommendations.[7] These advancements will make +

CropGuard an efficient, sustainable, and data-driven smart

farming system, ensuring higher crop yields while conserving :

valuable resources.[8] / |
? [;Dccuh:;n ST Check for errors in |

Work Flow Diagram received] Components

The structure of the flow of the fig(1) IoT-Based Smart 7

Irrigation System is as follows: L‘

Step 1: Data Capturing No A

IoT sensors implanted in the field continuously collect data ’

on soil moisture, temperature, humidity, and other Isthe ™. Raspberry Pi receives

environmental conditions. decision  —Yes® the data and triggers ‘

ON? the relay switch ON

Step 2: Data Processing via Microcontroller /

The Microcontroller (Arduino Uno) is used to process sensor S l

data. Irrigation pump is

It collects the data from IoT sensors and transmits it turned ON and the

wirelessly using the XBee module. farm 15 imgated ‘

Fig(1): Flowchart IoT-Based Smart Irrigation
System
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Step3: Wireless Communication with XBee Transceivers @

The XBee transceivers facilitate wireless communication
between the microcontroller and a coordinator module.

This allows data to be transmitted over long distances S
efficientl

Step 4: Data Transmission to Raspberry Pi
COLLECTANDPREPROCESSDATA

The coordinator module (also using XBee) receives data from
the transceivers and forwards it to a Raspberry Pi.

The Raspberry Pi acts as a gateway device, which further
processes the data before sending it to the cloud.

PREPAREDATASET

Step 5: Cloud Server Processing & Data Storage

SPLITINTOTRAINING&TESTINGSETS

The data is sent to a Cloud Server, where it is stored,
processed, and analyzed.
Web services provide access to this data for decision-making.

TRAINMODEL

Step 6: Data Visualization via Smart Farm App

Farmers can view real-time sensor data and irrigation status
through a Smart Farm mobile/web app.

This enhances monitoring and control over the irrigation
process.

BUILD&TRAIN THE MODEL

EVALUATEMODEL

Step 7: Decision-Making Process

Decision Received?

If no decision is received from the cloud server, the system
checks for errors in components and ensures connectivity.
If a decision is received, the system proceeds to the next step.

TESTACCURACY&FINETUNE

RUNPREDICTIONS

Is the Decision ON?

If the decision is not ON, irrigation remains off and the
system continues monitoring.

If the decision is ON, the Raspberry Pi triggers a relay switch USE
to activate the irrigation pump. THETRAINEDMODELFORINFERENCE

Step 8: Irrigation Activation

.. . . . . TAKEINPUTASIMAGE TO
The irrigation pump is turned ON, and water is supplied to Ronel

the farm based on the real-time soil moisture level and other
environmental parameters.

Once the irrigation cycle is completed, the system continues
monitoring for the next cycle. GIVEPREDICTEDCLASSOFLEAVE

The structure of the flow of the fig (2) Flowchart Machine

Learning Model for Nutrient Deficiency Detection is as
follows: 0

Step 1: Start

Th ins.
e process begins Fig(2): Flowchart Machine Learning Model for

Step2: Find Data Nutrient Deficiency Detection

Identify rel t datasets for th ject.
ety refevamt Cafasels fot the projec Step3: Collect and Process Data

Gather data from sources and clean/process it (handling
missing values, normalization, augmentation, etc.).

Step4: Prepare Dataset
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Organize data into a structured format suitable for training.

Step5: Split into Training & Testing Sets
Divide the dataset into training and testing subsets (e.g., 80%
training, 20% testing).

Step6: Train Model
Initialize model training using machine learning or deep
learning techniques.

Step7: Build & Train the Model
Design the model architecture and train it with the dataset.

Step8: Evaluate Model
Assess model performance using accuracy, precision, recall,
etc.

Step9: Test Accuracy & Fine-tune
Check the model’s accuracy and optimize parameters if
needed.

Step10: Run Predictions
Test the model by making predictions on new data.

Step11: Use Trained Model for Inference
Deploy the trained model for real-world application.

Step12: Take Input as Image to Model
The model takes an input image for classification.

Step13: Give Predicted Class of Leaf
The model predicts and outputs the category of the leaf.

Step14: End

" i Feature Feedback/Performance
The process concludes. Real-Time Sensor Data Display Accurate and
interactive
IV. RESULT & DISCUSSION Remote Irrigation Control | Functional and user-
friendly
The IoT-based smart irrigation system was tested in a Image Up load for Enab} ed (for nutr} ent
. : . Analysis deficiency detection)
controlled agricultural setting where environmental factors -
Key Issues Identified Internet dependency,

such as soil moisture, temperature, humidity, and sunlight
were continuously monitored.[2] The system successfully
regulated irrigation by activating and deactivating the water
pump based on real-time soil moisture levels.[5] The
accuracy of soil moisture sensing was validated across
different soil types, and the system demonstrated a 30%
reduction in water usage compared to traditional irrigation
methods.[12]

Additionally, real-time adjustments were made based on
temperature and humidity variations to prevent overwatering
and evaporation losses.[13] The average response time from
sensor data collection to system action was approximately 2—
3 seconds, ensuring real-time decision-making.[7]

Table 1: Performance Metrics of the Smart Irrigation System
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2-3 seconds
High across tested soil types

Response Time
Soil  Moisture
Accuracy

Overwatering Prevention

Sensing

Adjusted based on humidity
& temperature

Observed in varying soil
conditions

Sensor Calibration Issues

However, some sensor calibration issues were observed,
particularly in varying soil conditions, requiring periodic
adjustments for maintaining accuracy.[17] Another limitation
was network dependency, as weak Wi-Fi signals in remote
areas caused occasional delays in data transmission.[1] To
overcome this, future implementations may integrate LoRa-
based long-range communication to improve data reliability
and connectivity in rural settings.

The user interface (UI) application was tested for usability,
responsiveness, and functionality.[16] The application
effectively displayed real-time sensor readings, including soil
moisture, temperature, humidity, and sunlight data, through
an interactive dashboard. Users could monitor irrigation
status remotely and manually override automated decisions if
necessary.[4]

A usability survey conducted among farmers and agricultural
experts indicated a high satisfaction rate, with an average
score of 8.5/10, emphasizing the system’s ease of use and
intuitive design.[7]

Table 2: Usability Evaluation of the UI Application

mobile optimization,
language support

However, internet dependency posed a limitation, as real-
time updates required a stable connection. Additionally, some
farmers expressed the need for mobile optimization and
multi-language support to make the system more accessible.

Future updates will include an offline mode with local data
caching and language customization options to enhance
usability in diverse agricultural regions.

The machine learning model for nutrient deficiency detection
was evaluated for its accuracy in identifying nitrogen,
phosphorus, and potassium deficiencies from crop leaf
images.[3] The CNN-based model achieved an overall

Paramotor Observation/Result accuracy of 91.3%, with nitrogen deficiency detection at
Water Usage Reduction 30% less than traditional 93%, phosphorus  deficiency at 89%, and potassium
irrigation deficiency at 87%.[10]
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The model was tested under varying lighting conditions and
crop species, and results showed that controlled lighting
improved classification accuracy. However, images with
excessive shadows or poor resolution experienced a 5-7%
decrease in performance.

The processing time for analyzing a single image averaged
1.8 seconds, ensuring real-time feedback for farmers.[9]

Confusion Matrix
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The following confusion matrix presents the classification
performance of the nutrient deficiency detection model
across different classes:

The confusion matrix highlights the strong diagonal pattern,
indicating that the model correctly classifies most instances.
However, misclassifications were observed in cases where
similar symptoms appear across different deficiencies.

To further evaluate model performance, we calculated the F1-
score, which balances precision and recall. The model
achieved an Fl-score of 0.9485, indicating a high level of
classification accuracy and robustness in detecting nutrient
deficiencies.

V. FUTURE WORK

Future improvements to CropGuard will focus on enhancing
sensor accuracy, connectivity, Ul functionality, machine
learning performance, and system scalability to make it more
efficient and accessible for farmers.[7] Sensor calibration
will be improved using self-tuning algorithms and multi-
sensor fusion to ensure precise irrigation control across
different soil types.[17] To address connectivity challenges
in rural areas, LoRa and NB-IoT will be integrated, along
with edge computing for offline functionality.[1]

The UI application will be upgraded with an offline mode,
multi-language support, and Al-driven predictive analytics to
help farmers make better decisions.[16] Enhancements to the
machine learning model will include expanding datasets for
diverse crop species, integrating disease detection alongside
nutrient deficiency analysis, and enabling on-device Al
processing for real-time results without internet
dependency.[10]

Additionally, automated fertilization recommendations will
be introduced, optimizing nutrient management by providing
precise fertilizer usage guidelines.[18] Renewable energy
integration, such as solar-powered microcontrollers and
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rainwater harvesting, will be explored to enhance
sustainability. To scale the system for large farms, distributed
sensor networks and cloud-based Al analytics will be
implemented.

Finally, collaborations with agricultural institutions and
government agencies will be pursued to promote adoption
and affordability. These advancements will make CropGuard
a highly scalable, intelligent, and sustainable precision
agriculture  solution, improving productivity — while
conserving resources.

VI. CONCLUSION

The CropGuard system successfully integrates IoT-based
smart irrigation, a real-time monitoring Ul application, and
an Al-powered nutrient deficiency detection model,
providing a comprehensive solution for precision
agriculture.[4] By automating irrigation based on real-time
soil moisture, temperature, humidity, and sunlight data, the
system optimizes water usage, reduces manual intervention,
and enhances crop health management.[2] The user-friendly
Ul ensures accessibility, allowing farmers to monitor
environmental conditions, control irrigation remotely, and
receive Al-driven crop health insights.[16] The machine
learning model for nutrient deficiency detection has
demonstrated high accuracy in identifying nitrogen,
phosphorus, and potassium deficiencies, enabling farmers to
take timely corrective actions and improve yields.[3]

Through rigorous testing, CropGuard has proven to be an
efficient, scalable, and sustainable smart farming solution.[7]
The system significantly reduces water wastage, enhances
nutrient management, and minimizes dependency on manual
labor, making it a cost-effective tool for both small-scale and
large-scale farmers.[9] Despite minor limitations such as
sensor calibration needs, connectivity challenges, and dataset
biases, future enhancements—including self-calibrating
sensors, LoRa-based communication, expanded Al
capabilities, and renewable energy integration—will further
strengthen its functionality and accessibility.[17]

Overall, CropGuard represents a step forward in smart
agriculture, offering farmers a data-driven, Al-powered, and
automated approach to crop management.[8] With
continued improvements and wider adoption, it has the
potential to contribute to global food security, improve
farming efficiency, and promote sustainable agricultural
practices worldwide.[2]
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