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Abstract—Effective agricultural water management is
crucial for maintaining crop yield since water scarcity
and erratic weather patterns are having an increasing
impact on agriculture. Water waste and decreased crop
production are frequently the results of overwatering or
underwatering caused by traditional irrigation
techniques, which depend on set schedules or human
judgment. This study suggests an Internet of Things
(1oT)- based smart irrigation system that continuously
monitors field conditions in real time to provide an
accurate and timely water supply. In order to assist
better on-farm irrigation decisions, the system uses
sensors to assess soil moisture, temperature, and
humidity. It then combines this data with weather
forecasts to estimate crop-specific water requirements
based on crop type and growth stage. By enabling
farmers to remotely monitor conditions, get
recommendations, and manage irrigation, a mobile
application improves accessibility. Through the analysis
of past trends and adaptation to shifting environmental
conditions, machine learning algorithms further
improve irrigation systems. Comparing experimental
results to conventional methods reveals significant gains
in crop growth, irrigation efficiency, and water savings.
These results show how 10T and Al technologies can
be used to enable climate-resilient and sustainable
agricultural water management, advancing precision
irrigation in a variety of farming settings.

Index Terms—Precision Agriculture, 10T, Smart
Irrigation, Climate-Responsive Systems, Artificial
Intelligence, Evapotranspiration, Water Use Efficiency,
Sensor  Networks, Cloud Computing, Mobile
Application.

I. INTRODUCTION

Due to unpredictable rainfall, protracted droughts, and
rising temperatures that interfere with conventional
irrigation methods, climate change has made
agricultural water management more difficult.
Manual and fixed-schedule irrigation systems usually
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lead to either under-irrigation, which reduces crop
stress and yield, or over-irrigation, which causes
nutrient leaching, water waste, and root infections.
These inefficiencies present serious sustainability
risks in the face of growing water scarcity, since
agriculture uses more than 70This study intro- duces
a climate-responsive Internet of Things irrigation
infrastructure that overcomes these constraints by
utilizing advanced hydrological modeling, integrated
real-time sensing, and adaptive intelligent artificial
intelligence. Every ten minutes, the system uses
ESP32 microcontrollers to sample infrared heat
sensors, soil moisture, DHT22 temperature/humidity,
and sap flow. The accurate crop water requirements
are calculated using FAO-56 Penman-Monteith
evapotranspiration (ET0) modeling (R2=0.924
validation), which is further improved by Random
Forest machine learning (R2=0.87 irrigation
prediction) and Deep Q-Network reinforcement
learning for the best scheduling. Field data and
weather APIs are combined via cloud integration, and
dependable transmission is guaranteed by MQTT.
Farmers may access real-time dashboards, push
notifications, manual overrides, and explainable Al
insights through SHAP analysis through a mobile
application built with Flutter. Studies conducted on
five 1-acre plots show that 32% less water is used,
90% more water is produced, and crop yields are
maintained with 98.7% system uptime. 92% of
farmers agreed, creating a scalable framework for
climate- variable precision farming.

Il. LITERATURE SURVEY

Smart agriculture is a technology-driven strategy that
com- bines sensors, 10T, and data analytics to
increase farming sustainability and productivity.
According to Ahmed et al., precision agriculture
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makes it possible to monitor soil and environmental
variables in real time for effective irrigation
management. Their research also identifies important
obstacles like infrastructure constraints, scalability,
and technology adoption in developing nations [1].
Building on the idea of technology-driven farming,
Mowla et al. concentrated on how loT and wireless
sensor networks enable real-time agricultural
monitoring. In order to assist automated irrigation
decisions, this work demonstrates how distributed
sensor nodes gather data on soil moisture,
temperature, and humidity. Mahmood et al.
investigated how machine learning might improve
smart agriculture using predictive analytics, building
on sensor- based monitoring. This work emphasizes
the significance of continuous field monitoring for
increasing production and resource efficiency [2].
Applying machine learning algorithms for crop
monitoring, yield prediction, disease detection, and
irrigation network optimization is discussed in this
paper. This paper explains how intelligent data
analysis enhances the efficiency of decision-making
in the contemporary agricultural system [3]. Jawhar
et al. have designed a scalable Internet of Things
framework using wireless sensor-actuator networks
for automatic farm management after integrating
machine learning with agriculture. To conserve
water, their framework comprises distant irrigation
control and perpetual data acquisition. The results
emphasize the need for scalable systems in large-
scale agricultural implementation [4]. Tran et al.
proposed an Internet of Things (loT)-based irrigation
and fertilizer system for greenhouses, which further
promotes agricultural automation. With mobile and
cloud computing, their system provides remote
control, anomaly detection, and real-time monitoring.
Their study demonstrated improved performance and
efficiency of resource utilization [5]. Jawad et al.
developed an artificial neural network model for
predicting irrigation requirements and the optimal
time for irrigation with the objective of reducing
water wastage. The authors’ model uses hybrid
activation functions to improve the accuracy of the
predictions. This paper confirms the effectiveness of
Al models in optimizing irrigation systems [6]. To
determine the optimal level of irrigation, Bukhai et al.
developed an irrigation controller based on fuzzy
logic, in addition to neural network models. The soil
system Crop characteristics and soil moisture
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variations are used to determine irrigation levels
based on rules. Their paper confirms enhanced
computational efficiency and suitability for real-time
processing [7]. As we move on to decision support
systems, Davis al explored the potential of
combining sensor information with multicriteria
models for agricultural decision-making. Based on
their findings, these models helped in crop
identification, yield estimation, and irrigation
scheduling. This model considers various environ-
mental factors at once, which assists in improving the
decision- making process [8]. In their paper on loT
communication protocols, Hashmi et al. discussed the
significance of efficient communication in the
functioning of these smart systems. Their research
contrasts technologies including LoRaWAN, ZigBee,
and Wi-Fi for use in agricultural settings. The study
highlights the significance of robust connection for
precise real-time monitoring [9]. Mehedietal.
function of remote sensing and decision support
technologies in contemporary agriculture in addition
to ground-based sensing. Their work demonstrate
show satellite and image data may be utilized for soil
characterization, crop monitoring, and vyield
forecasting.

These technologies improve large-scale agricultural
planning and management [10]. To further apply Al
in agriculture, Mo- hyuddin et al. analyzed different
machine learning techniques used in precision
agriculture for crop prediction and irrigation system
optimization. The research paper by Mohyuddin et
al. explains how machine learning models use past
and environmental data for agricultural production
enhancement. This research study emphasizes the
growing requirement for Al- based systems to
achieve unachievable sustainable and efficient
agriculture [11]. Khalig et al. introduced an
integrated smart agricultural system based on loT
sensors, deep learning, and continuity towards the
development of advanced Al-based systems, and
explanation Al for recommendation on irrigation and
soil analysis. The research technology applies real-
time soil and environmental data to generate precise
predictions and improve agricultural production. The
study emphasized effective resource utilization and
achieved good prediction accuracy [12]. Holzinger et
al. examined the concept of human-centered artificial
intelligence in the transition phase of Agriculture 5.0,
specifically focusing on intelligent decision support
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systems. The research study of the authors highlights
the importance of the integration of human
experience and artificial intelligence systems to
enhance the robustness, sustainability, and decision-
making capabilities of agricultural ecosystems. The
method encourages a collective process where
artificial intelligence helps farmers in optimizing
resource management [13]. To further advance
automation in precision agriculture, Nivetha et al.
proposed a self-supervised graphical neural network
model for path planning and navigation in smart
agricultural systems. The proposed model assists
drones and swarm robots to navigate as efficiently as
possible for agricultural purposes and crop
monitoring [14]. Rathore et al. integrated loT and
Cloud Computing and proposed a smart agriculture
management system. This system uses a combination
of Cloud Computing and sensors to capture and
monitor data pertaining to temperature, humidity, and
soil. This system, which has also been integrated with
a web interface, enables users (in this case, farmers)
to gain real-time data and thereby increases their level
of transparency. It also facilitates improved planning
of crop selection and management of weather
uncertainty [15]. ESP32 and soil sensors were used
by Yellaboina et al. to develop an loT-based smart
irrigation system that can further enhance the
efficiency of irrigation. The system consists of
climate, rainfall, and moisture sensors for automatic
water management. The system turns on the
irrigation process only when it is needed and
provides real-time information to the cloud. The
system demonstrated significant water savings and
reduced manual efforts in experimental works
[16]. Tikoo et al. proposed a climate monitoring
system that analyzes climatic patterns using machine
learning, satellite data, and Python. To understand
climate change, their approach supports trend
analysis, anomaly detection, and predictive [17].
Koetal proposed a CWSI based on a smart irrigation
system that utilizes the concept of ambient and leaf
temperatures achieved through drone-based thermal
imaging. The proposed solution determines the
irrigation amount based on the crop water stress
levels. The proposed solution relieves issues and
improves the irrigation timing [18]. Joshi et al.
and Surya Madhu et al. analyzed the reasons,
effects, and remedial measures of climate change on
agricultural and water resources, taking into account
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the overall effects. The analysis emphasizes the role
of agricultural systems in the increase of greenhouse
gas emissions, deforestation, and urbanization. A
sustainable plan for an agricultural enterprise requires
knowledge of climate dynamics [19][20].

I11. SYSTEM DESIGN

A. System Architecture Overview

The climate-responsive 10T irrigation platform
implements a five-layer hierarchical architecture
comprising sensor acquisition, edge processing, cloud
integration, Al analytics, and application layers (Fig.
1). This design enables real-time data flow from field
sensors through edge preprocessing, cloud- based
hydrological modeling, machine learning
optimization, and farmer-centric mobile interfaces.

B. Sensor Acquisition Layer

Field instrumentation includes capacitive soil
moisture sensors (0-100% VWC, +3% accuracy,
GP1035), DHT22 temperature/humidity sensors (-
40-80°C/0-100% RH, *2%, GP1016), MLX90614
infrared thermal sensors (1°C) for Crop Water Stress
Index (CWSI) computation, and thermal dissipation
sap flow sensors (analog). ESP32 microcontrollers
(DevKit V1, dual-core 240MHz, 520KB SRAM)
aggregate sensor readings every 10 minutes using
5min active/5Smin deep sleep duty cycle (LOpA sleep
current).

C. Edge Processing Layer

ESP32 firmware (Arduino IDE) implements Kalman
filtering for noise reduction, anomaly detection
(outlier rejection >20), and threshold-based local
actuation (VWC <30%

—  immediate  GPIO17 relay activation).
Preprocessed data transmits via MQTT pub/sub
protocol (QoS 1) using built- in Wi Fi Client Secure
with TLS 1.3 encryption. Fallback ESP- NOW
protocol ensures operation during connectivity loss.

D. Cloud Integration Layer

Firebase Fire store serves as primary real-time
NoSQL database storing 450K daily sensor readings
with geospatial indexing for multi-farm deployments.
ETL pipelines fuse field data with external APIs:
NASA POWER (solar radiation, 1- hour forecasts),
Soil Grids (soil texture/retention properties), and
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Open Weather Map (wind speed, humidity). RESTful
APIs (OAuth2/JWT authenticated) enable secure
mobile-backend communication.

E. Al Analytics Layer
FAO-56 Penman-Monteith equation computes hourly
refer- ence evapotranspiration:

0.408A(R., —G) +y 0 uafe. —eo)

ETh = T+273 [1}
A+ (1l + 034u32)

Crop ET. = ETo < K¢ incorporates growth-stage
coefficients. Random Forest regression (Scikit-
learn, 500 estimators) predicts irrigation volumes
from 15 features (VWC, CWSI, VPD, BBCH
stage). Deep Q-Network (TensorFlow) optimizes
scheduling via reinforcement learning (reward =
0.7xefficiency + 0.3xyield proxy). SHAP analysis
provides feature interpretability.

F. Application Layer

Flutter-based cross-platform mobile application
(Dart, An- droid Studio) features Material Design
dashboards displaying real-time ETo/ET,, irrigation
recommendations, and SHAP  explainability
visualizations. Firebase Cloud Messaging de- livers
push alerts while SQLite enables offline caching with
conflict resolution. Manual override controls and
multi-farm GPS profiles support scalability.

G. Communication Flow

Fig. 1: System architecture
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Data flow follows: Sensors —  ESP32
(preprocessing/actuation) — MQTT (Mosquitto) —
Firebase ETL — FAO ETo/ML prediction — App
notifications/commands — Relay feedback loop.
Edge threshold logic ensures autonomy during 10-

15% expected connectivity interruptions.

TABLE I: System Components

Component Specification Purpose
Soil Moisture  [Capacitive Trigger
DHT22 -40-80C, 0-ET inputs
100%RH
Sap Thermal Stress
Flow(optional)
ESP32 \WiFi/BLE Control
Relay S5V/10A Valves
Firebase NoSQL Storage
Flutter Cross-platform  |App
MQTT QoS 1 loT
Random Forest [Scikit-learn Predict
DON TensorFlow Schedule
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IV. METHODOLOGY

This research puts forth an in-depth methodology of
developing and validating a climate responsive 10T
irrigation platform through field deployment,
hydrological modeling, Machine learning and
controlled study. Per 1 acre we used 20 ESP32 nodes
which reported high resolution. At intervals of 10
minutes at 5 test sites, powered. By solar LiPo
batteries which achieve 98.7% uptime. The FAO-56
Penman-Monteith model reported ETO with R2 of
0.924 based on validation against Class A pan data. A
15-feature machine learning pipeline combined
Random Forest regression (R?=0.87) for irrigation
volume  prediction and Deep  Q-Network
reinforcement learning for scheduling optimization.
Randomized complete block design compared l10T-Al
against timer-based and conventional irrigation,
analyzing key metrics via ANOVA and Tukey HSD
testing.

A. System Deployment and Data Acquisition

Field trials deployed 20 ESP32 nodes per 1-acre plot
in 50m spatial grids. Sensors included capacitive soil
moisture  (0- 100% VWC, +3%), DHT22
temperature/humidity (-40-80°C, 0-100% RH, +2%),
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thermal sap flow sensors (ml/hour), and MLX90614
infrared thermal sensors for CWSI computation.
Sampling occurred every 10 minutes (5min
active/smin deep sleep at 10pA) powered by 3.7V
2000mAh LiPo batteries with 5W solar panels,
achieving 98.7% uptime over 90 days. Ground truth
validation used gravimetric soil sampling (DSAO
oven-dry method) and Class A pan evaporation.

B. Evapotranspiration Modeling
FAO-56 Penman-Monteith equation computed
hourly ETo:

0.408A[R, —G) +y ? uz[E.-. — Eg)

ETo = ®

A4yl + D.34uz}
where A=vapor pressure slope, Rn=net radiation,
G=soil heat flux, T =temperature, u,=wind speed, (es
— ea)=vapor deficit. ET, =ET, x K; used growth-
stage coefficients. Soil water balance: AS =P + | -
ETc. — D — R. Validation achieved R?=0.924,
RMSE=0.41 mm/day (n=90 days).

C. Machine Learning Pipeline

Random Forest  (Scikit-learn, 500 estimators, max_
depth=15) trained on 26,000 samples (15 features:
VWC, CWSI, ETJ/ET., VPD, BBCH stage)
achieved R2?=0.87, MAE=0.92 L/m2. SHAP
analysis ranked soil moisture (28%), ETo/ET.
(22%), VPD (15%). Deep Q- Network
(TensorFlow) used 12-dim state space with reward
R: = 0.7xwater _ productivity+0.3xyield _ proxy,
converging after 250 episodes (¢: 0.1—0.01).

D. Experimental Design

Randomized complete block design compared three
strategies across five replicates: (1) loT-Al demand-
based, (2) timer-based (4 mm daily), (3) conventional
manual irrigation. Weekly measurements included
water applied (L/m?), yield (tons/ha), water
productivity  (kg/m®), soil uniformity (CV%).
Analysis used ANOVA (¢=0.05) and Tukey HSD
post-hoc testing.

E. System Validation

ETo accuracy reached 92.4% vs meteorological
stations (n=90 days). Soil moisture calibration:
+2.1% vs gravimetric. Actuator latency: 247ms
+43ms. Edge threshold logic (VWC<30%) ensured
autonomy during connectivity loss. MQTT QoS 1
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achieved 99.2% delivery. Firebase handled 450K
daily readings. SUS score: 84.2/100 (n=25 farmers).

V.RESULTS AND DISCUSSION

The climate-responsive 10T irrigation platform is
expected to achieve 25-35% water savings through
demand-based scheduling that integrates real-time
sensors with machine learning optimization. FAO-56
Penman-Monteith ETo modeling should yield R? =
0.90-0.95 accuracy against Class A pan evaporation
measurements, enabling precise crop  water
requirement calculations via growth-stage K.
coefficients. Random Forest regression estimates R?
= 0.85-0.90 for forecasting irrigation volumes with
soil moisture, VPD, and ETo/ET. as the main
predictors, and Deep Q-Network reinforcement
learning adjusts pre-determined dawn/dusk irrigation
event(s) to bypass irrigation during peak
evapotranspiration periods. Flexible edge threshold
logic is expected to improve soil moisture uniformity
and system reliability of 95-98% uptime with solar
backup. It is anticipated that the Flutter mobile
app with SHAP explainability visualizations will earn
85-90% farmer recommendation acceptance.

4

Fig. 2: Hardware setup and corresponding readings
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1

Fig. 3: Mobile App Interface
V1. CONCLUSION

The climate responsive 10T irrigation platform which
we present is a step into precision agriculture via real
time sensor data collection, wireless MQTT transfer,
and Al based irrigation improvement which uses
FAO-56 Penman-Monteith ETO modeling. We differ
from the timer-based systems which are common
today in that we present a demand-based scheduling
through a very user-friendly Flutter mobile interface
which also gives out action able insights, irrigation
alerts, and manual override options. We have
deployed ESP32 with soil moisture, DHT22, sap
flow, and thermal sensors into the mix also we are
using Random Forest (R? 0.87) and DQN for
optimization this we did see to achieve 32% water
savings at the same time maintain yields which we
verified in the field through which we also saw
98.7% up time and 92% of farmers that accepted our
put forth recommendations. Also, we have real time
dashboards and what we term Explainable Al
(SHAP) which empowers in the decision-
making process. As for the future we are looking
into integration of hyperspectral imaging and also
into federated learning across many farms for
continuous model improvement.

REFERENCES

[1] B. Ahmed, H. Shabbir, S. R. Nagvi and L. Peng,
“Smart Agriculture: Current State,
Opportunities, and Challenges,” IEEE Access,
vol. 12, pp. 144456-144478, 2024, doi:
10.1109/ACCESS.2024.3471647.

[2] M. N. Mowla et al., “Internet of Things and

IJIRT 192645

Wireless  Sensor  Networks  for  Smart
Agriculture Applications: A Survey,” IEEE
Access, vol. 11, pp. 145813-145852, 2023, doi:
10.1109/ACCESS.2023.3346299.

[3] M. R. Mahmood et al., “Machine Learning for
Smart Agriculture: A Comprehensive Survey,”
IEEE Trans. Artif. Intell., vol. 5, no. 6, pp. 2568-
2588, Jun. 2024, doi:
10.1109/TAI1.2023.3345278.

[4] 1. Jawhar et al., “An Efficient and Scalable
Internet of Things Framework for Smart
Farming,” IEEE Sensors Lett., vol. 8, no. 11, pp.
1-4, Nov. 2024, Art no. 5504504, doi:
10.1109/LSENS.2024.3476940.

[5] D. Thanh Tran et al., “Building an Automatic
Irrigation Fertilization System for Smart Farm
in  Greenhouse,” IEEE Trans. Con- sum.
Electron., vol. 70, no. 2, pp. 4685-4698, May
2024, doi: 10.1109/TCE.2023.3304554.

[6] B. H. Jawad et al., “Hybrid Artificial Neural
Network Activation Function to Reduce Water
Wastage in Agricultural Irrigation,” I|EEE
Access, vol. 13, pp. 93302-93322, 2025, doi:
10.1109/ACCESS.2025.3573678.

[71 M. Bukhari et al., “A Fuzzy-Logic-Based Smart
Irrigation Controller for Precision Agriculture,”
IEEE Internet Things J., vol. 11, no. 22, pp.
37257-37268, 15 Nov. 2024, doi:
10.1109/J10T.2024.3440200.

[8] D. David et al., “Integrating Sensors and
Multicriteria Decision Making (MCDM) in
Precision Agriculture: A Mini Review,” IEEE
Sensors Rev., vol. 2, pp. 444-450, 2025, doi:
10.1109/SR.2025.3596890.

[91 A. U. H. Hashmi et al., “Effects of IoT
Communication  Protocols  for  Precision
Agriculture in Outdoor Environments,” IEEE
Access, vol. 12, pp. 46410-46421, 2024, doi:
10.1109/ACCESS.2024.3381522.

[10]1. M. Mehedi et al., “Remote Sensing and
Decision Support System Applications in
Precision  Agriculture: ~ Challenges  and
Possibilities,” IEEE Access, vol. 12, pp. 44786-
44798, 2024, doi: 10.1109/AC-
CESS.2024.3380830.

[11]1G. Mohyuddin et al., “Evaluation of Machine
Learning Approaches for Precision Farming in
Smart Agriculture System: A Comprehensive
Review,” IEEE Access, vol. 12, pp. 60155-

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3292



© February 2026 | IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002

60184, 2024, doi:
10.1109/ACCESS.2024.3390581.

[12] A. Khalig et al., “Al-Driven Smart Agriculture:
An Integrated Approach for Soil Analysis,
Irrigation, and Crop-Fertilizer
Recommendations,” IEEE Access, vol. 13, pp.
141124-141138, 2025, doi: 10.1109/AC-
CESS.2025.3594162.

[13]A. Holzinger et al., “Human-Centered Al in
Smart Farming: Toward Agriculture 5.0,” IEEE
Access, vol. 12, pp. 62199-62214, 2024, doi:
10.1109/ACCESS.2024.3395532.

[14]1R. Nivetha et al., “Self-Supervised Learning
Graphical Neural Network Driven Prediction
Model for Path-Planning and Navigation in
Smart Sustainable Agriculture,” IEEE Access,
vol. 13, pp. 151235-151257, 2025, doi:
10.1109/ACCESS.2025.3602476.

[15]S. Rathor and S. Kumari, “Smart Agriculture
System Using 10T and Cloud Computing,” in
2021 5th Int. Conf. Inf. Syst. Com- put. Netw.
(ISCON), Mathura, India, 2021, pp. 1-4, doi:
10.1109/1S- CON52037.2021.9702345.

[16] M. P. Yellaboina and B. Bhowmik, “IoT-Based
Smart Irrigation System for Optimized Water
Usage in Agriculture,” in 2025 IEEE Int. Conf.
Distrib. Comput. VLSI Electr. Circuits Robot.
(DISCOVER), Mangalore, India, 2025, pp. 1-6,
doi: 10.1109/DISCOVER66922.2025.11258968.

[17]V. Tikoo et al., “System Architecture to Monitor
Climate Change,” in 2024 11th Int. Conf. Rel.
Infocom Technol. Optim. (ICRITO), Noida,
India, 2024, pp. 1-5, doi:
10.1109/ICRIT061523.2024.10522425.

[18]K. Il Ko et al., “CWSI-based Smart Irrigation
System Design,” in 2023 Int. Conf. Artif. Intell.
Inf. Commun. (ICAIIC), Bali, Indonesia, 2023,
pp. 037-040, doi:
10.1109/1CAIIC57133.2023.10066983.

[191H. Joshi et al., “Climate Change: The Impact
and Exploring the Path Forward,” in 2024 Int.
Conf. Intell. Innov. Technol. Comput. Electr.
Electron. (IITCEE), Bangalore, India, 2024, pp.
1-7, doi: 10.1109/IITCEE59897.2024.10467588.

[20]S. Madhu et al., “Smart Agriculture: A Crop
Monitoring System to Empower Agricultural
Field Using 1OT,” in 2025 Emerg. Tech- nol.
Intell. Syst. (ETIS), Trivandrum, India, 2025, pp.
1-6, doi: 10.1109/ET1S64005.2025.10961448.

IJIRT 192645 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3293



