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Abstract- Background: Water scarcity poses a critical
challenge to global food security, with agriculture
consuming approximately 70% of freshwater resources
worldwide. Small-scale farms in developing regions face
particular challenges in implementing smart irrigation
technologies due to limited internet connectivity, high
costs, and complexity of existing cloud-based solutions.
This paper presents an Al-powered smart irrigation
system designed specifically for resource-constrained
environments, featuring offline operation, edge-based
intelligence, and low-cost hardware implementation.
Materials and Methods: The proposed system employs a
three-node architecture based on ESP32 microcontrollers
communicating via the ESP-NOW protocol. The Brain
Node executes the Hargreaves-Samani evapotranspiration
model and implements a hybrid Al decision engine called
TinyAdjuster. The TinyML model occupies only 65.3 KB
with 18.7 ms inference time. Simulation-based validation
was conducted across three crops over 30 days. Results:
The Al Adaptive system achieves 24.1% water savings
versus traditional irrigation and 8.8% versus threshold
IoT systems, with 96.2% efficiency. R*> > 0.87 for all
crops. Learning converges in 25 cycles, reducing error
from 2.8 to 0.45 mm/day (84% improvement). Conclusion:
The system features offline Al operation, MAD-based
triggering, variable irrigation amounts, and adaptive
learning. These innovations make it suitable for remote
agricultural areas with limited infrastructure.

Key Word: Smart Irrigation, loT, Edge Computing,
TinyML, Hargreaves-Samani, Offline Al, Water
Optimization, ESP-NOW, Sustainable Agriculture.

L INTRODUCTION

Agriculture accounts for approximately 70% of
global freshwater withdrawals, with irrigation being
the single largest consumer of water resources
worldwide[1]. As climate change intensifies water
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scarcity and population growth increases food
demand, the need for efficient water management in
agriculture has become critical. The United Nations
projects that by 2050, agricultural production must
increase by 60% to feed an estimated 9.7 billion
people, while water availability is expected to
decrease many regions[2]. This paradox
necessitates innovative approaches to optimize
irrigation practices, particularly for small-scale farms
that produce 70% of global food supply but often
lack access to advanced technologies.

in

Traditional irrigation methods, predominantly fixed-
schedule approaches based on historical averages or
farmer intuition, result in significant water waste
through over-irrigation or crop stress due to under-
irrigation[3]. These methods fail to account for daily
variations in weather conditions, crop growth stages,
and soil moisture dynamics. While large commercial
farms have successfully adopted precision irrigation
technologies  leveraging IoT cloud
computing, and sophisticated decision support
systems, small-scale farmers in developing regions
face substantial barriers to technology adoption

[41(5].

S€Nsors,

The primary challenges confronting small-scale
farmers include: (1) limited or unreliable internet
connectivity in rural areas, making cloud-based
solutions impractical; (2) high costs of commercial
smart irrigation systems, often exceeding $500 per
hectare; (3) complexity of system installation,
configuration, and maintenance requiring technical
expertise; (4) dependence on subscription-based
cloud services creating recurring costs; and (5) lack
of adaptability to local conditions, crop varieties, and
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farmer practices [6][7]. These barriers have created a
technology gap where those who would benefit most
from water optimization lack access to appropriate
solutions.

Recent advances in edge computing and Tiny
Machine Learning (TinyML) present new
opportunities to overcome these limitations. Edge-
based Al enables intelligent decision-making directly
on resource-constrained devices without cloud
connectivity, while TinyML allows deployment of
machine learning models on microcontrollers with
kilobytes of memory [11][14]. The ESP32
microcontroller, with its dual-core processor, built-in
WiFi, and low cost ($5-10), has emerged as an ideal
platform for agricultural IoT applications [27].
Combined with low-power wireless protocols like
ESP-NOW, these technologies enable creation of
self-contained, offline-capable smart irrigation
systems suitable for resource-constrained
environments.

Evapotranspiration (ET) estimation forms the
scientific foundation of irrigation scheduling,
representing the combined water loss through soil
evaporation and plant transpiration [25]. The FAO-56
Penman-Monteith equation is the global standard for
reference ET (ETo) calculation but requires extensive
meteorological data including solar radiation, wind
speed, temperature, and humidity. The Hargreaves-
Samani equation offers a simplified alternative
requiring only temperature data, making it practical
for resource-limited settings while maintaining
reasonable accuracy when properly calibrated
[19][20][21]. NASA POWER provides free global
climate data at 0.5° resolution, enabling ET
calculations without local weather stations [26].

Despite extensive research on IoT-based irrigation
systems, a significant gap remains in developing
solutions that operate offline, adapt to changing
conditions through on-device learning, and remain
affordable for small-scale farmers. Most existing
systems require internet connectivity for cloud-based
analytics [2][4], fixed threshold-based triggering
without ET forecasting [7], or lack adaptive learning
capabilities to improve over time [8]. Systems
incorporating Al typically deploy models in the
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cloud, creating latency, privacy concerns, and
dependency on continuous connectivity [30][31].

This paper addresses these research gaps by
presenting an Al-powered smart irrigation system
specifically designed for resource-constrained small-
scale farms. The main contributions of this work
include:

e Offline-Capable  Architecture: ~ Complete
system operation without internet dependency
through edge-based intelligence and local data
storage, ensuring reliability in remote areas
with limited connectivity.

e TinyML Integration: Deployment of a hybrid
Al decision model (TinyAdjuster) on ESP32
microcontrollers with 65 KB memory
footprint and sub-20ms inference time,
enabling real-time irrigation decisions on low-
cost hardware.

e Adaptive  Learning: Online  learning
mechanism that improves irrigation precision
over time by learning from observed soil
moisture responses, converging to 84% error
reduction within one month of operation.

e Scientific Foundation: Implementation of
Hargreaves-Samani ETo estimation integrated
with Management Allowed Depletion (MAD)
based triggering and crop-specific water
requirements, ensuring scientifically sound
irrigation scheduling.

e Comprehensive Validation: Simulation-based
validation across three crops (tomato, lettuce,
wheat) in  different climate  zones
demonstrating 24.1% water savings versus
traditional methods and 96.2% irrigation
efficiency.

e Ultra-Low Power Communication: Use of
ESP-NOW protocol for peer-to-peer wireless
communication with <10ms latency and
minimal power consumption, enabling solar-
powered operation.

The remainder of this paper is organized as follows:
Section II reviews related work in IoT irrigation
systems, edge AI, and ET estimation methods.
Section III describes the system architecture and
hardware design. Section IV  presents the
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mathematical models and Al algorithm. Section V
details implementation aspects including TinyML
deployment. Section VI presents simulation results
and statistical validation. Section VII discusses
findings, limitations, and practical implications.
Section VIII concludes with future research
directions.

IL. RELATED WORK

The intersection of IoT, artificial intelligence, and
precision agriculture has generated substantial
research interest over the past decade. This section
reviews existing work in smart irrigation systems,
edge computing applications, wireless protocols, and
ET estimation methods, identifying gaps that
motivate our research.

A. IoT-Based Irrigation Systems

Navrozidis and Amditis [1] provide a comprehensive
overview of loT sensors and systems for smart
irrigation in precision agriculture, discussing various
sensor technologies including capacitive soil
moisture sensors, temperature sensors, and their
integration into networked systems. Their work
emphasizes the importance of water management in
water-scarce regions and the role of swarm
intelligence algorithms for efficient water use, though
implementation details for resource-constrained
environments remain limited.

Recent studies have demonstrated significant water
savings through smart irrigation technologies. A 2025
review [2] reports water savings ranging from 18% to
60% compared to conventional methods while
supporting sustainable agricultural practices. Field
trials by researchers [7] showed potential water
savings up to 30% in corn, blueberry, and tomato
production using multi-depth soil moisture sensors,
validating the economic viability of sensor-based
precision irrigation.

A systematic review of IoT sensing for irrigation [8]
identified key trends including the rise of Al-driven
predictive analytics with potential for 50% water use
reduction. The review notes increasing adoption of
capacitive sensors, Time Domain Reflectometry
(TDR), and Frequency Domain Reflectometry (FDR)
for soil moisture measurement. However, most
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reviewed systems require cloud connectivity for data
processing and analytics, limiting applicability in
areas with poor internet infrastructure.

Security concerns in IoT agricultural networks have
been addressed through lightweight encryption
methods [6], ensuring data protection from
eavesdropping and unauthorized access. While
important, these approaches add computational
overhead that may be prohibitive for ultra-low-power
edge devices in small-scale farm deployments.

=B. Edge Computing and TinyML in Agriculture
Edge computing addresses latency and connectivity
limitations of cloud-based systems by performing
data processing and decision-making locally on edge
devices [13]. A terminal sensing-edge intelligence-
cloud coordination architecture proposed for smart
agriculture enables real-time monitoring and control
while maintaining cloud connectivity for long-term
analytics and model updates. This hybrid approach
balances local responsiveness with cloud-scale
intelligence.

TinyML enables deployment of machine learning
models on microcontrollers with severe memory and
computational constraints [11][14]. A TinyML-based
irrigation control system using meteorological and
crop data demonstrated successful anomaly detection
and water optimization in arid regions through on-
device processing. The system's ability to operate
independently of cloud services proved particularly
valuable during connectivity outages.

Applications of TinyML in agriculture extend beyond
irrigation. Researchers demonstrated CNN-based
olive fruit classification [15] achieving high accuracy
for post-harvest sorting on IoT edge devices. Another
study [16] proposed stacked ensemble approaches
combining multiple TinyML models to improve
accuracy in distributed agricultural IoT systems. A
2025 review [17] of TinyML applications in
environmental monitoring highlights energy-efficient
deployments aligned with sustainable development
goals, though noting underutilization of LPWAN
technologies.

Critical challenges in TinyML deployment include
processing capacity limitations, model optimization
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for resource-constrained hardware, and energy
consumption management [18]. Hardware-software
co-design becomes essential for scaling agricultural
solutions to practical deployments. Our work
addresses these challenges through careful model
design, efficient algorithm implementation, and
power management strategies.

C. Evapotranspiration Estimation Methods

Accurate ET estimation is fundamental to irrigation
scheduling. The FAO-56 Penman-Monteith equation
[25] represents the global standard for reference
evapotranspiration calculation, developed through
extensive research and wvalidation across diverse
climates. However, its requirement  for
comprehensive meteorological data (temperature,
humidity, wind speed, solar radiation) limits
applicability where weather stations are unavailable
or too expensive for small-scale farmers.

The Hargreaves-Samani (HS) equation offers a
practical alternative requiring only temperature data
(maximum, minimum, mean) and extraterrestrial
radiation, which can be calculated from latitude and
date [19]. Research on HS calibration against FAO-
56 PM in Sudan and South Sudan [19] found that
both coefficient and exponent increase with latitude,
improving estimates in arid and semi-arid zones.
Multi-scale parameter estimation using Bayesian
approaches [20] demonstrated that calibrated HS
reduces systematic bias at daily scales, though multi-
scale modeling improves monthly and annual
accuracy.

Global comparisons [21] show that HS and PM
trends align when HS is properly calibrated, with
both methods performing similarly in arid climates
though PM proves superior in humid conditions. This
validates HS use for resource-constrained
environments when calibration is performed. Deep
learning approaches for ET estimation [22][23] show
promise but require substantial training data and
computational resources, making them less suitable
for edge deployment on microcontrollers.

Advanced forecasting models [22] using transformer
architectures ~ (Improved  Informer)  address
nonlinearity of meteorological conditions for better
ET prediction accuracy. While these sophisticated
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models excel in prediction, their computational
demands exceed capabilities of resource-constrained
edge devices. Our approach balances simplicity of
HS with adaptive learning to improve accuracy over
time without excessive computational requirements.

D. Wireless Communication Protocols

Wireless ~ communication  protocol  selection
significantly impacts system reliability, power
consumption, and cost. LoRa (Long Range) and
LoRaWAN  offer long-range communication
(>10km) with low power consumption, making them
attractive for agricultural IoT. However, these require
gateways, have limited data rates (<50 kbps), and add
infrastructure costs [12].

WiFi provides high data rates and wide adoption but
consumes substantial power and requires router
infrastructure. Bluetooth Low Energy (BLE) offers
energy efficiency but with limited range (<100m) and
data rate constraints. Zigbee presents moderate range
and mesh networking capabilities but requires
coordinator devices and has higher complexity.

ESP-NOW, developed by Espressif Systems [27],
offers a connectionless communication protocol
operating at the data-link layer, enabling fast, low-
power peer-to-peer data transmission. Latencies
under 10ms with ultra-low power consumption make
it ideal for time-sensitive agricultural applications.
Comparative studies [28] show ESP-NOW provides
up to 15 times longer communication distance than
BLE while consuming only twice the power,
demonstrating  superior energy efficiency for
distributed sensor networks.

Outdoor performance evaluation [29] shows ESP-
NOW latency remains under 20ms in open fields up
to 300 meters with near 100% success rates at shorter
distances. These characteristics, combined with
native support on ESP32 microcontrollers and 250-
byte packet size with AES-128 encryption, make
ESP-NOW particularly suitable for smart irrigation
systems requiring reliable, low-latency
communication without complex infrastructure.

E. Al-Based Irrigation Control
Machine learning integration in irrigation systems
has demonstrated substantial improvements in water
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use efficiency. A comprehensive review [30] of ML
algorithms for smart irrigation identified artificial
neural networks (ANNs) for moisture mapping and
predictive analytics achieving up to 38% water use
reduction through variable-rate irrigation. However,
most implementations deploy models in cloud
environments, requiring continuous connectivity.
2025 review [31] categorizing ML applications into
physical, processing, and decision layers identified
open challenges including data scarcity, long-term
data processing requirements, and lack of annotated
datasets for robust model training. These challenges
are particularly acute for small-scale farms lacking
data collection infrastructure.

Fuzzy logic approaches [32] for intelligent irrigation
provide advantages in handling uncertainties and
imprecise inputs common in agricultural systems.
Fuzzy controllers determining optimal irrigation
based on soil moisture and temperature inputs
achieve energy-efficient operation and significant
water savings without requiring extensive training
data. However, fuzzy systems lack learning
capabilities to improve performance over time.

Research on water optimization for small-scale farms
[33] demonstrated ML models (XGBoost, SVM)
forecasting irrigation requirements with 99.96%
precision in arid regions, achieving 25% water
consumption reduction through IoT sensors enabling
real-time decision-making. While impressive, these
approaches typically require cloud-based model
training and inference, limiting offline capabilities.

Our work distinguishes itself through hybrid
integration of physical models (Hargreaves-Samani),
rule-based logic (MAD thresholds), and adaptive
learning in a lightweight architecture deployable on
edge devices, enabling offline operation while
maintaining learning capabilities through online
adaptation.

Table 1. Literature Comparison Matrix

(2020)
[2] IoT+AI | N/A Not Edge-
Various specified | based Al
et al. in review
(2025)
[4] IoT+ Al | N/A Not Edge-
Various specified | based Al
et al. in review
(2024)
[7] IoT+AI | N/A Limited Edge-
Various validatio | based Al
et al. n
(2024)
[8] IoT+ Al | 50% Not Edge-
Various specified | based Al
et al. in review
(2025)
[11] ToT + N/A Not Edge-
Various | Edge Al specified | based Al
et al. in review
(2024)
[30] IoT+ Al | 38% Not Edge-
Various specified | based Al
et al. in review
(2022)
[32] ToT + N/A Not Edge-
Various | Sensors specified | based Al
et al. in review
(2025)
[33] IoT + 25% Not Edge-
Various | Sensors specified | based Al
et al. in review
(2025)
Our IoT + 24% vs Simulatio | Offline,
System Edge Al Tradition | n-based Low-
(2025) (TinyML | al, 9% vs | validatio | power,

) IoT n Adaptiv

e
learning

Referenc | Technolo Water Limitatio Our
e gy Savings ns Advanta
ge
[1] IoT + N/A Not Edge-
Navrozi | Sensors specified | based Al
dis et al. in review
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The literature review reveals several critical gaps that
motivate our research: (1) most smart irrigation
systems require internet connectivity for cloud-based
processing, limiting deployment in remote areas; (2)
existing Al-powered systems lack on-device learning
capabilities to adapt to local conditions; (3) few
solutions balance scientific accuracy (ET-based) with
computational efficiency for resource-constrained
hardware; (4) limited validation of TinyML
approaches for precision irrigation, and (5)
insufficient attention to total cost of ownership
including subscription fees and maintenance. Our
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system addresses these gaps through offline-capable
edge Al, adaptive learning on microcontrollers,
scientifically grounded ET estimation, and low-cost
open-source implementation.

III. SYSTEM DESIGN AND ARCHITECTURE

The proposed smart irrigation system employs a
distributed three-node architecture designed for
offline operation, ultra-low power consumption, and
ease of deployment in resource-constrained
environments. This section describes the system
architecture, hardware components, communication
protocols, data flow, and user interfaces.

A. Overall System Architecture

The system consists of three functional nodes
communicating via ESP-NOW protocol: (1) Sensor
Node for environmental data acquisition, (2) Brain
Node for intelligent decision-making, and (3) Relay
Node for irrigation actuation. This distributed
architecture provides modularity, fault tolerance, and
scalability while minimizing wiring complexity and
power consumption.

The Sensor Node, deployed in the field, continuously
monitors soil moisture, soil temperature, and ambient
conditions. Equipped with a capacitive soil moisture
sensor (operating at 3.3V with 0-3V analog output)
and DHT22 temperature/humidity sensor, it transmits
readings to the Brain Node every 30 seconds via
ESP-NOW. The node operates in deep sleep mode
between readings, consuming less than 20 mA in
standby and approximately 80 mA during active
sensing and transmission, enabling solar-powered
operation with a 10W panel and 12V 7Ah battery.

The Brain Node serves as the system's intelligence
center, housing the TinyAdjuster AI model and
performing all computational tasks. It receives sensor
data via ESP-NOW, retrieves stored NASA POWER
climate data for ETo calculation, executes the
Hargreaves-Samani equation, applies the hybrid
decision logic, and issues irrigation commands to the
Relay Node. The Brain Node also hosts the web
dashboard and configuration interface accessible via
WiFi, allowing farmers to monitor system status and
adjust parameters without cloud connectivity.
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The Relay Node controls physical irrigation
infrastructure through a relay module connected to
solenoid valves. Upon receiving irrigation commands
from the Brain Node via ESP-NOW, it activates the
appropriate relay for the specified duration. The node
incorporates safety features including maximum
duration limits, manual override capabilities, and
status confirmation messages sent back to the Brain
Node. Typical relay modules operate at 5V with 10A
switching capacity, suitable for 12V DC or 24V AC
solenoid valves common in drip irrigation systems.

Al Powered Smart irigation Systen Architectore

o b b e

D

Figure 1. System architecture showing three-node
topology with ESP-NOW communication protocol.

B. Hardware Components and Specifications

The system's hardware platform centers on the ESP32
microcontroller  (Espressif ESP32-WROOM-32),
selected for its optimal balance of processing power,
memory capacity, wireless capabilities, and cost. Key
specifications include a dual-core 240 MHz Xtensa
LX6 processor, 520 KB SRAM, 4 MB flash storage,
integrated WiFi (802.11 b/g/n) and Bluetooth, and
multiple  GPIO  pins supporting  various
communication protocols (I2C, SPI, UART, analog
input).

Soil moisture measurement employs a capacitive
sensor rather than resistive probes to avoid corrosion
and ensure long-term reliability. The capacitive
sensor operates by measuring changes in capacitance
caused by varying soil dielectric constant with
moisture content, providing analog output (0-3V)
corresponding to volumetric water content. Typical
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measurement range spans 0-100% with 3%
accuracy after calibration against gravimetric
measurements. The sensor's corrosion-resistant
design enables multi-season deployment without
replacement.

Environmental sensing utilizes the DHT11 digital
temperature and humidity sensor providing 0-100%
RH range with +2% accuracy and -40 to 80°C
temperature range with +0.5°C accuracy. The
sensor's single-wire digital interface simplifies wiring
and improves noise immunity compared to analog
sensors. Though sampling rate is limited to 0.5 Hz,
this proves sufficient for agricultural monitoring
where environmental changes occur over hours rather
than seconds.

The irrigation actuation system comprises a 5V relay
module with optocoupler isolation and a 12V DC
normally-closed solenoid valve. The relay provides
10A switching capacity with LED indicators for
visual status confirmation. The solenoid valve
(typical flow rate 0.5-2.0 L/min at 0.2-0.8 MPa)
connects to drip irrigation tubing, with valve closure
in event of power failure providing fail-safe operation
preventing uncontrolled water flow.

Power management accommodates both mains and
solar operation. For mains power, a 5V 2A wall
adapter supplies the ESP32 boards. For off-grid
deployment, a 10W polycrystalline solar panel
charges a 12V 7Ah sealed lead-acid battery through a
charge controller, with a 5V buck converter

supplying the ESP32 boards. Energy calculations
indicate that with average daily operation (288 sensor
readings, 5 irrigation decisions, continuous web
server), the system consumes approximately 0.5 Ah
per day, allowing 14 days of battery-only operation
with margin for cloudy periods.
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Figures 5 & 6. Sensor node prototype (left) and Brain
Node controller unit (right) showing physical

hardware implementation.

C. Communication Protocol and Data Flow
ESP-NOW protocol provides the communication
backbone for inter-node data exchange. Operating at
the WiFi data-link layer (Layer 2), ESP-NOW
enables connectionless peer-to-peer communication
without requiring router infrastructure or IP
configuration. Each ESP32 device is identified by its
unique 6-byte MAC address, allowing direct
addressing of messages. The protocol supports
broadcast, unicast, and multicast modes with
automatic  retransmission and acknowledgment
mechanisms.

Key advantages of ESP-NOW for agricultural IoT
include: (1) ultra-low latency (<10ms) enabling real-
time responsive control, (2) minimal power
consumption comparable to BLE but with superior
range, (3) no router or access point requirements
reducing infrastructure costs, (4) 250-byte payload
supporting comprehensive sensor data packets, and
(5) AES-128 encryption securing data transmission.
Maximum transmission range of 300+ meters in open
fields exceeds typical farm plot dimensions,
eliminating need for range extenders.

Data packets transmitted between nodes follow a
structured format defined in JSON for human
readability during development, with optimization to
binary format for production deployment to minimize
transmission time and power. A typical sensor data
packet (approximately 80 bytes) includes: device ID,
timestamp, soil moisture (%), soil temperature (°C),
air temperature (°C), relative humidity (%), battery
voltage, and error flags. Irrigation command packets
(approximately 40 bytes) specify: target device ID,
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command type (start/stop), duration (minutes), and
valve identifier.

The data flow cycle proceeds as follows: (1) Sensor
Node wakes from deep sleep every 30 seconds,
powers sensors, acquires readings, packages data in
ESP-NOW packet, transmits to Brain Node, awaits
acknowledgment (timeout 500ms), and returns to
sleep. (2) Brain Node receives sensor data, validates
values, stores in local database (SQLite), checks
irrigation decision criteria, if irrigation warranted
generates command packet and transmits to Relay
Node, updates web dashboard, and logs transaction.
(3) Relay Node receives command, validates
parameters, activates relay for specified duration,
monitors irrigation execution, transmits completion
confirmation to Brain Node, and returns to standby.

Error handling mechanisms ensure  system
robustness: transmission failures trigger automatic
retries (maximum 3 attempts), sensor reading
anomalies (out-of-range values) flag sensor faults and
prevent irrigation decisions based on bad data,
communication timeouts activate fallback modes
(Brain Node can use historical data if sensor updates
cease, Relay Node deactivates after safety timeout if
command acknowledgment fails), and watchdog
timers reset nodes if software hangs occur.

Date Flaw sl Gexivin Logi

3 TN Cotin

————

Figure 2. Data flow diagram illustrating sensor
acquisition, ET calculation, AI decision, and
actuation control.

D. Web-Based User Interfaces
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The system provides two web-based interfaces: a
monitoring dashboard and a configuration page, both
served directly from the Brain Node's ESP32 via
embedded HTTP server. This eliminates dependency
on external web services while providing familiar
browser-based access from smartphones, tablets, or
computers connected to the ESP32's WiFi network.

The monitoring dashboard (dashboard.html) presents
real-time system status and  historical data
visualization. Key display elements include: (1)
current sensor readings panel showing soil moisture
(% of TAW), temperatures, humidity, and battery
voltage with color-coded indicators (green=normal,
yellow=attention, red=critical), (2) irrigation status
panel displaying current valve state, last irrigation
timestamp, total water applied today/week/month,
and upcoming scheduled irrigation, (3) ET chart
showing daily ETo and ETc values over the past 30
days with cumulative totals, (4) soil moisture time-
series graph with MAD threshold line indicating
optimal and stress zones, and (5) irrigation event log
listing date, duration, water amount, and trigger
reason for the last 20 events.

The dashboard implements auto-refresh (every 10
seconds) using JavaScript AJAX requests to
minimize data transfer and battery consumption
compared to full page reloads. Chart rendering
employs Chart.js library loaded from CDN when
internet available or from local storage when offline.
Responsive CSS design ensures usability on mobile
devices with small screens prevalent among
smallholder farmers.

The configuration interface (config.html) enables
farmers to set crop-specific parameters without
technical expertise. Input forms organized in logical
sections include: (1) Crop Parameters—crop type
selection (tomato, lettuce, wheat, or custom), Kc
value (0.5-1.5), root depth (0.1-2.0 m), AWC (0.05-
0.25 m*/m?), MAD percentage (20-70%), (2) System
Settings—sensor reading interval (10-300 seconds),
irrigation method (drip/sprinkler) affecting efficiency
factor, maximum irrigation duration per event (safety
limit), and manual override enable/disable, (3) Al
Settings—Ilearning rate (0.05-0.30), precision factor
adjustment (0.90-1.10), and reset learning history
option, and (4) Calibration—soil moisture sensor

ICONIC RESEARCH AND ENGINEERING JOURNALS 2266



© OCT 2025 | IRE Journals | Volume 9 Issue 4 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV914-1711243

calibration values (dry and saturated readings) and
temperature offset corrections.

Input validation prevents entry of unrealistic values
that could cause system malfunction. Tooltips and
help text provide guidance on parameter selection
based on crop type and soil characteristics.
Configuration changes save immediately to the
ESP32's SPIFFS (SPI Flash File System) and take
effect on next irrigation cycle without requiring
system restart. A backup/restore function allows
exporting configuration as JSON file for record
keeping or transfer to other systems.

Figures 3 & 4. Web-based dashboard (left) and
configuration interface (right) for system monitoring
and parameter adjustment.

E. Local Storage and Offline Operation

Offline operation capability distinguishes this system
from cloud-dependent alternatives. The Brain Node
stores all necessary data locally using a combination
of SPIFFS for configuration files and SQLite
database for time-series sensor readings and
irrigation logs. The ESP32's 4 MB flash memory
allocates approximately 1 MB for program code, 1
MB for SPIFFS, and 2 MB for SQLite database,
supporting 6+ months of hourly sensor data and
irrigation events before requiring data export or
archiving.
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NASA POWER climate data for ETo calculation is
pre-downloaded and stored in compressed JSON
format covering the growing season (typically 120-
150 days). Daily values for Tmax, Tmin, Tmean, RH,
wind speed, and Ra total approximately 50 bytes per
day, requiring 6-7.5 KB per season. Monthly updates
via internet connection when available refresh
climate data with latest actuals replacing
climatological averages, improving ETo accuracy.
When internet unavailable, the system continues
operating using stored climatological data.

Database schema includes three primary tables: (1)
sensor_readings (timestamp, soil_moisture,
soil_temp, air_temp, humidity, battery voltage) with
indexes on timestamp for fast queries, (2)
irrigation_events (timestamp, duration, amount_mm,
trigger reason, outcome) logging all irrigation
activities, and (3) ai learning (cycle number,
predicted amount, actual need, error,
correction_factor) tracking the TinyAdjuster's
learning progress. Automatic database maintenance
purges records older than 180 days to prevent storage
exhaustion.

Data export functionality allows farmers to download
CSV files of sensor readings and irrigation logs via
the web interface for external analysis or record
keeping. This supports compliance with water use
reporting requirements in some jurisdictions and
enables farmers to track long-term trends and system
performance.

METHODOLOGY AND MATHEMATICAL
MODEL

This section presents the mathematical foundations of
the irrigation scheduling system, including
evapotranspiration estimation, soil water balance
modeling, and the TinyAdjuster Al algorithm. The
methodology combines established agronomic
principles with adaptive learning to optimize
irrigation decisions.

A. Reference Evapotranspiration (ETo) Estimation

Reference evapotranspiration (ETo) represents the
evapotranspiration rate from a hypothetical reference
crop (well-watered grass) under given climatic
conditions. ~The Hargreaves-Samani  equation
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provides a temperature-based estimation method
requiring minimal meteorological data:

ETy = 00023 x Ra x (Tmean + 178) X v(Tmax — Tmin)

(1)

where:

e ETo =reference evapotranspiration (mm/day)
e Ra = extraterrestrial radiation (MJ/m?/day)

e Tmean = daily mean temperature (°C)

e Tmax = daily maximum temperature (°C)

e Tmin = daily minimum temperature (°C)

e 0.0023 = empirical coefficient (dimensionless)
e 17.8 = empirical constant (°C)

The extraterrestrial radiation (Ra) varies with latitude
and day of year, calculated from solar geometry:

L)

2)

where:

e Gsc = solar constant (0.0820 MJ/m?/min)

e dr = inverse relative distance Earth-Sun = 1 +
0.033 x cos(2m x DOY / 365)

e s = sunset hour angle (rad)

e ¢ = latitude (rad)

e § = solar declination (rad) = 0.409 x sin(2m X
DOY /365 - 1.39)

e DOY = day of year (1-365)

Temperature data sourced from NASA POWER API
provides global coverage at 0.5° x 0.5° resolution
(approximately 50 km x 50 km at the equator). The
API delivers daily Tmax, Tmin, Tmean, and derived
parameters including Ra, making it ideal for
resource-constrained systems lacking local weather
stations. An example API call for Beijing (latitude
39.9°, longitude 116.4°) retrieves 30 years of
climatological data:

https://power.larc.nasa.gov/api/temporal/climatology/
point?parameters=T2M_MAX,T2M_MIN,T2M&latit
ude=39.9&longitude=116.4&start=20200901&end=2
0200930&community=AG
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The Hargreaves-Samani equation's simplicity enables
efficient implementation on microcontrollers while
maintaining accuracy within +15% of FAO-56
Penman-Monteith under most conditions when
properly calibrated. Accuracy improves in arid and
semi-arid climates where temperature range strongly
correlates with solar radiation and atmospheric
conditions.

B. Crop Evapotranspiration (ETc) Calculation

Crop evapotranspiration (ETc) represents the actual
water consumption of a specific crop under optimal
growing conditions, calculated by multiplying ETo by
a crop coefficient:

ETc = Kc % ETg (3)

where:

e ETc = crop evapotranspiration (mm/day)

e Kc = crop coefficient (dimensionless, typically
0.4-1.3)

e ETo=reference evapotranspiration (mm/day)

The crop coefficient (Kc) varies with crop type,
growth stage, and management practices. FAO-56
provides comprehensive Kc values for over 140 crops
across four growth stages: initial, development, mid-
season, and late-season. For this study's simulation,
mid-season Kc values represent mature crops: Kc =
1.15 for tomato, K¢ = 1.0 for lettuce, and Kc = 1.15
for wheat.

In operational deployment, farmers input -crop-
specific parameters including Kc through the
configuration interface. Advanced implementations
could incorporate automatic Kc adjustment based on
crop age or NDVI measurements from satellite
imagery, though this exceeds scope of current edge-
only implementation.

C. Soil Water Balance Model

The soil water balance equation tracks changes in soil
moisture content over time, accounting for water
inputs (irrigation, rainfall) and outputs
(evapotranspiration, drainage):

SMi+1 = SMi + (li X n) + Pi — ETdi — Di @)
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where:

e SMi = soil moisture at day i (mm of water in root
zone)

e i =irrigation applied at day i (mm)

e 1 =irrigation application efficiency (0.90 for drip,
0.75 for sprinkler)

e Pi = precipitation at day i (mm), assumed zero in
simulation

e ETci = crop evapotranspiration at day i (mm/day)

e Di = deep drainage at day i (mm), occurs when
SM exceeds field capacity

Field capacity (FC) represents the maximum water
the soil can hold against gravity, while permanent
wilting point (PWP) indicates the moisture level
below which plants cannot extract water. Total
Available Water (TAW) in the root zone is:

TAW = (FC - PWP) x Ir x 1000 = AWC x Zr x 1000
)

where:

o TAW =total available water (mm)

e FC = field capacity (m*/m?)

e PWP = permanent wilting point (m3/m?)

e AWC = available water capacity = FC - PWP
(m3/m?3)

e Zr = effective root depth (m)

e 1000 = conversion factor m to mm

Soil moisture is expressed as percentage of TAW for
normalization across different soils and crops:

SM% = (SM / TAW) x 100 ©)

This representation facilitates comparison and
visualization, with 100% indicating field capacity
(fully saturated root zone) and 0% indicating
permanent wilting point (plant cannot extract water).

D. Management Allowed Depletion (MAD)
Management Allowed Depletion (MAD) defines the
fraction of TAW that can be depleted before
irrigation becomes necessary to prevent crop water
stress. MAD values vary by crop sensitivity to water
deficit:
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MAD _threshold = TAW x (MAD% / 100) 7

where:

e MAD threshold = allowable depletion before
irrigation (mm)

e MAD% = management allowed depletion
percentage (typically 20-70%)

Common MAD values include:
o Shallow-rooted leafy vegetables (lettuce): 20-
30%
e Medium-rooted vegetables (tomato): 30-50%
e Deep-rooted field crops (wheat, corn): 50-
70%

Higher MAD values (more depletion allowed) suit
drought-tolerant crops and maximize water use
efficiency but risk yield reduction if timing errors
occur. Lower MAD values (less depletion) provide
safety margin for sensitive crops and ensure optimal
growing conditions but may increase irrigation
frequency.

The current soil water deficit (SWD) indicates how
much water has been depleted from the root zone:

SWD = TAW X (1 — SM% / 100) ®)

Irrigation triggers when SWD > MAD threshold,
indicating the soil moisture has dropped to the critical
level where crop stress may begin. This threshold-
based approach ensures timely irrigation while
avoiding excessive frequency.

E. TinyAdjuster Al Algorithm

The TinyAdjuster represents a hybrid decision model
combining physical equations, rule-based logic, and
adaptive learning in a lightweight architecture
suitable for microcontroller deployment. The
algorithm operates in three phases: decision,
execution, and learning.

Phase 1: Decision Making
Each day at a configured decision time (e.g., 6:00

AM), the algorithm evaluates irrigation need:

Step 1: Calculate current soil water deficit
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SWD_current = TAW — SM_current C)

Step 2: Check trigger condition

IF SWD current > MAD_threshold THEN proceed
to irrigation calculation

ELSE skip irrigation for today (10)

Step 3: Forecast water demand for forecast horizon (2
days)
Forecast_ demand = EZ(ETc_forecast[i]) fori = 1to2

(11

Step 4: Calculate base irrigation amount
I_base = SWD_current + (Forecast demand x 0.15)

(12)

The 0.15 factor adds 15% buffer to account for ET
forecast uncertainty and ensure adequate water
availability between irrigation events.

Step 5: Apply adaptive correction factor learned from
previous cycles
I_adjusted = I_base x Correction_factor (13)

where Correction_factor initializes at 1.04 (4% over-
estimation for safety) and adjusts based on observed
performance.

Step 6: Apply constraints
I final = MIN(I_adjusted, 0.70 x TAW) (14)

Maximum irrigation per event limited to 70% of
TAW prevents over-saturation and deep drainage
losses.

Phase 2: Execution and Monitoring

The system applies I final (converted to minutes of
valve open time based on flow rate), monitors soil
moisture response over subsequent days, and logs
actual ETc observed.

Phase 3: Adaptive Learning
After each irrigation cycle (typically 3-7 days), the
learning algorithm updates the correction factor:

(ycle emor = (Camulative ETc actual — Cumulative | applied) / Curmulative ETc achual

(15)
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New correction factor = Old correction factor x (1 - Learning rate x Cycle error)
(16)

where Learning rate = (.12 controls adaptation
speed.  Positive cycle error  (under-irrigation)
increases correction factor; negative cycle error
(over-irrigation) decreases it.

The learning curve follows exponential convergence:

RMSE(n) = RMSE final + (RMSE initial - RMSE final) x e*(-0.12 x n)
7)
where n = cycle number,

RMSE initial = 2.8 mm/day,
RMSE final = 0.45 mm/day.

This online learning approach requires no pre-
training dataset and adapts to local conditions
including sensor calibration errors, soil heterogeneity,
and microclimatic variations. The algorithm achieves
84% error reduction within 25 cycles (approximately
one month of operation).
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Algorithm 1: TinyAdjuster Daily Decision Process
Input:  SM current, TAW, MAD threshold,
ETO forecast [], Kc, Correction_factor

Output: Irrigation decision, Amount_mm

: SWD « TAW - SM_ current

: IF SWD <MAD _threshold THEN
RETURN No _irrigation

: END IF

: forecast_sum «— 0

:FORi=1TO 2 DO

forecast sum <« forecast sum + (Kc x
ETO_forecast[i])

9: END FOR

10:

11: 1 base «— SWD + (forecast_sum x 0.15)
12: 1 adjusted « I base x Correction_factor
13: 1 final < MIN(I_adjusted, 0.70 x TAW)
14:

15: RETURN Irrigate, I final

F. Simulation Methodology

Simulation validation was conducted using Python
scripts implementing the mathematical models
described above. Three irrigation strategies were
compared across three crops representing diverse
climate zones and agricultural practices over a 30-day
period (September 2025).

Irrigation Strategies:

1. Traditional Fixed Schedule: Applies fixed amount
(1/10 of TAW) every 3 days regardless of actual
crop demand, representing common farmer
practice

2. Threshold IoT: Triggers irrigation when soil
moisture drops below 30% of TAW, applies fixed
amount to restore to 70% of TAW

3. AI Adaptive: Uses Tiny Adjuster algorithm with
MAD-based triggering and ET forecast-based
variable amounts

Crop and Climate Scenarios:

e Tomato in Mediterranean climate (Tmean=22°C,
moderate humidity 65%)

e Lettuce in Temperate climate (Tmean=18°C,
higher humidity 70%)

e Wheat in Semi-arid Mediterranean (Tmean=24°C,
low humidity 45%)

Climate data generation used NASA POWER
climatological means with realistic daily variations
(x1-2°C for temperature, +4-5% for RH) to simulate
natural weather patterns. This approach ensures
reproducibility while representing typical growing
season conditions.

Performance Metrics:

e Total water applied (mm) over 30-day period

e Water savings (%) compared to Traditional and
Threshold IoT baselines

e Irrigation efficiency (%) = (Total ETc / Total
water applied) x 100

e Number of irrigation events (frequency)

e R? (coefficient of determination) between
cumulative ETc and cumulative irrigation

e RMSE (root mean square error) and MAE (mean
absolute error) for daily predictions

R? measures how well cumulative water application
tracks cumulative crop demand:

2=1-(SS_residual / SS_total) (18)
where SS residual = X(Cumulative ETc[i]
Cumulative I[i])? and SS_total =

Y¥(Cumulative ETc[i] - mean (Cumulative_ETc)) 2

Values near 1.0 indicate excellent demand tracking,
while values near 0 suggest poor correlation.

Table 2. Simulation Parameters per Crop

Crop Climate Region | Kc Root AWC MAD | Tmean | Tmax | Tmin | RH Wind Ra Range
Depth | (m*m?) (%) (°C) (°C) °C) | (%) | Speed | (MJ/m?/day)
(m) (m/s)
Tomato | Mediterranean 1.15 | 0.7 0.15 40 22 28 16 65 2.5 20-25
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Lettuce | Temperate 1.00 | 0.3 0.18 30 18 23 13 70 2.0 18-22
Wheat | Semi-arid 1.15 | 1.0 0.12 50 24 32 16 45 3.0 22-26
Mediterranean
V. IMPLEMENTATION programming (asyncio library) to handle multiple

This section describes the software architecture, code
organization, TinyML model deployment, and
practical  implementation  considerations  for
deploying the system on resource-constrained ESP32
microcontrollers.

A. Software Architecture and Code Organization

The system software follows a modular architecture
with three main components corresponding to the
physical nodes. Each component is implemented in
MicroPython for rapid development and ease of
maintenance, with critical performance paths
optimized in C where necessary.

The Sensor Node software (sensor.py, approximately
250 lines) implements a state machine with three
states: SLEEP, SENSE, and TRANSMIT. Upon
waking from deep sleep (triggered by timer every 30
seconds), the node transitions to SENSE state,
powers the sensors, waits for stabilization (2 seconds
for soil moisture, 2 seconds for DHT22), acquires
readings with error checking, and packages data into
JSON format. In TRANSMIT state, it initializes ESP-
NOW, sends the data packet with maximum 3 retry
attempts, waits for acknowledgment with 500ms
timeout, logs transmission success/failure, and enters
SLEEP state with deep sleep configured for next
wake cycle.

The Brain Node software (brain.py, approximately
800 lines) consists of multiple modules: (1) ESP-
NOW receiver handling incoming sensor data with
validation and storage to SQLite database, (2) ET
calculator implementing Hargreaves-Samani equation
with Ra calculation from latitude and date, (3)
TinyAdjuster Al engine executing decision algorithm
and learning updates, (4) Irrigation controller
generating commands and transmitting to Relay
Node, (5) Web server handling HTTP requests for
dashboard and configuration pages, and (6) Data
logger maintaining SQLite database and handling
data export. The code uses asynchronous
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concurrent tasks without blocking.

The Relay Node software (relay.py, approximately
200 lines) implements a simple command executor:
listens for ESP-NOW irrigation commands, validates
command parameters (duration, valve ID), activates
specified relay with safety timeout, monitors
execution, sends status updates to Brain Node, and
provides manual override through physical buttons. A
watchdog timer ensures automatic relay deactivation
if software hangs, preventing runaway irrigation.

Configuration management uses JSON files stored in
SPIFFS for human readability and ease of editing.
The main configuration
(smart_irrigation_config.json)  includes
parameters, crop settings, Al parameters, and sensor
calibration values. Separate configuration files handle

system

WiFi credentials (wifi_config.json) and node
addressing (node addresses.json) mapping MAC
addresses to friendly names.

B. TinyML Model Deployment and Optimization

The TinyAdjuster Al model deployment on ESP32
required careful optimization to meet memory and
performance constraints. Unlike deep learning
models  typically associated with  TinyML
(convolutional or recurrent neural networks),
TinyAdjuster implements a hybrid approach
combining physical equations, rule-based decision
trees, and adaptive parametric learning, achieving
higher efficiency for this specific application domain.

Model Architecture:

The model consists of three components: (1) Physical
Model Module implementing ETo calculation
(Equation 1) and soil water balance (Equation 4)
using fixed-point arithmetic for efficiency, (2)
Decision Tree Module implementing IF-THEN rules
for MAD-based triggering and amount calculation
with 5 decision nodes and 3 leaf nodes, and (3)
Learning Module storing correction factors and cycle
statistics in 32-bit floating point arrays (maximum
100 cycles tracked).
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Memory Footprint:

e Code size: 45.2 KB (compiled C functions for ET
calculation)

e Model parameters: 12.8 KB (decision tree
structure, lookup tables)

e Runtime buffers: 7.3 KB (intermediate
calculations, sensor history)

e Total: 653 KB (1.6% of ESP32 4MB flash,
12.6% of 520KB SRAM during execution)

The compact footprint results from several
optimizations: (1) lookup tables for transcendental
functions (sin, cos, sqrt) reducing computation time
and code size, (2) fixed-point arithmetic (Q16.16
format) for ET calculations avoiding floating-point
library overhead, (3) pruned decision tree eliminating
redundant branches identified during simulation
testing, and (4) streaming processing of sensor data
avoiding large buffer allocations.

Inference Performance:
Execution time measurements (averaged over 1000
runs) show:
e ETo calculation: 6.3 ms (including Ra
calculation)
e Decision tree evaluation: 2.8 ms (average path
length 3.2 nodes)
e Learning update: 9.6 ms (only after irrigation
cycle completes)
e Total inference time: 18.7 ms (53.4 Hz
capable)

Power consumption during inference: 180 mA at
3.3V (0.594 W), with 80% of power in WiFi
transmission rather than computation. Inference
without transmission consumes 35 mA,
demonstrating computational efficiency.

The model achieves deterministic real-time
performance with worst-case execution time of 24 ms
(best-case 15 ms), ensuring consistent response
regardless of input conditions. This predictability is
critical for time-sensitive irrigation  control
applications.

Table 4. TinyAdjuster Al Learning Metrics
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Metric Value Notes
Model Size 65.3 KB Lightweight for
ESP32

Inference Time 18.7 ms Real-time capable

Memory Usage 145.2 KB RAM footprint

Initial RMSE 2.80 Before learning
mm/day

Final RMSE 0.45 After convergence
mm/day

Initial MAE 2.10 Before learning
mm/day

Final MAE 0.34 After convergence
mm/day

Convergence 25 ~25 days of operation

Cycles

Learning Rate 0.15 Online adaptation

Error Reduction 83.9% RMSE improvement

C. Power Management and Energy Efficiency
Energy efficiency is critical for solar-powered
deployment in off-grid locations. The system
implements aggressive power management strategies
across all nodes.

Sensor Node Power Profile:

e Deep sleep: 15-20 pA (RTC and wake
circuitry only)

e Wake and initialize: 80 mA for 500 ms
(sensor warm-up)

e Active sensing: 110 mA for 4 seconds (sensor
readings)

e ESP-NOW transmission: 180 mA for 100 ms
(data packet)

e Average per 30-second cycle: 2.8 mAh

e Daily consumption: 67.2 mAh (16.1 hours
theoretical battery life on 7Ah battery)

Brain Node Power Profile:

o Active with WiFi off: 40 mA (CPU idle, waiting
for ESP-NOW)

e ESP-NOW reception and processing: 120 mA for
50 ms per packet

e Al inference: 180 mA for 18.7 ms

e Web server active: 180 mA (during user access)

e Daily consumption: ~1.2 Ah with moderate web
access

Relay Node Power Profile:
e Idle listening: 40 mA
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e Relay activation: 70 mA + relay coil (150 mA) =
220 mA

e During irrigation: 150 mA (relay held)

e Daily consumption: ~1.0 Ah (assuming 30
minutes irrigation)

Total system daily consumption: ~2.5 Ah. A 10W
solar panel (nominal 12V, ~0.8A) provides 6.4 Ah
per day (8 hours effective sunlight), resulting in
2.56x energy surplus enabling operation through
cloudy periods and battery charging inefficiencies.

Battery selection considerations favor sealed lead-
acid (SLA) batteries for their low cost ($15-25),
robust performance in variable temperatures, and
maintenance-free operation. A 12V 7Ah SLA battery
provides 2.8 days of autonomy at full system load,
meeting typical requirements for 1-2 days of cloudy
weather coverage common in most agricultural
regions.

D. Calibration and Configuration Procedures
Successful system deployment requires proper sensor
calibration and parameter configuration tailored to
local conditions.

Soil Moisture Sensor Calibration:

The capacitive sensor requires two-point calibration
to map analog readings (0-4095 ADC counts) to
volumetric water content (0-100% of AWC). The
calibration procedure involves: (1) obtain completely
dry soil sample (oven-dried at 105°C for 24 hours),
insert sensor and record ADC reading as "dry value",
(2) saturate soil sample to field capacity, allow
drainage for 2 hours, insert sensor and record ADC
reading as "wet_value", (3) calculate linear mapping:
SM% = ((ADC reading - dry value) / (wet value -
dry_value)) x 100. Typical values: dry_value = 3200-
3500, wet_value = 1200-1500 depending on soil type.

Alternative simplified calibration: insert sensor in
very dry soil (3-5 days without irrigation), record as
dry value; insert in freshly irrigated soil, wait 2
hours, record as wet_value. While less accurate than
laboratory calibration, this field method provides
sufficient precision for irrigation scheduling.

Crop Parameter Configuration:
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Farmers configure crop-specific parameters through

the web interface or JSON file editing:

e Crop coefficient (Kc): select from dropdown
(common crops) or enter custom value from
FAO-56 tables

e Root depth: typical values provided as guidance
(lettuce 0.3m, tomato 0.7m, wheat 1.0m)

e Available water capacity (AWC): select soil
texture (sandy=0.10, loamy=0.15, clayey=0.20) or
enter measured value

e MAD percentage: conservative 30-40% for high-
value crops, 50-70% for field crops

System Validation:

After installation, the system runs in "monitoring
mode" for 1 week collecting sensor data and
calculating recommendations without actuating
irrigation. This allows farmers to: (1) verify sensor
readings match field observations, (2) review
irrigation recommendations for reasonableness, (3)
adjust parameters if recommendations seem
excessive or insufficient, and (4) confirm
communication reliability between nodes. After
validation, the system switches to automatic control
mode.

SIMULATION RESULTS AND ANALYSIS
This section presents comprehensive simulation
results demonstrating the water conservation
performance, irrigation efficiency, and adaptive
learning capabilities of the Al-powered system
compared to traditional and threshold-based
baselines.

A. Water Usage and Conservation Performance
Simulation results across three crops over 30-day
periods demonstrate consistent water savings
achieved by the Al Adaptive system. For tomato
cultivation in Mediterranean climate (242.8 mm total
ETc demand), the Traditional fixed schedule applied
332.7 mm (37% excess), Threshold IoT applied
276.8 mm (14% excess), while Al Adaptive applied
252.6 mm (only 4% excess). This translates to 24.1%
water savings versus Traditional and 8.8% savings
versus Threshold IoT.

Similar performance patterns emerged across other
crops despite different water requirements and
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climate conditions. Lettuce cultivation in temperate
climate with 156.7 mm ETc demand showed
Traditional applying 214.7 mm, Threshold IoT
applying 178.7 mm, and Al Adaptive applying 163.0
mm, achieving identical 24.1% and 8.8% savings
respectively. Wheat cultivation in  semi-arid
Mediterranean climate with 319.5 mm ETc demand
demonstrated Traditional applying 437.7 mm,
Threshold IoT applying 364.2 mm, and Al Adaptive
applying 332.3 mm, again achieving 24.1% and 8.8%
savings.

The consistency of water savings percentages across
diverse crops and climates validates the robustness of
the Al Adaptive approach. The 4% excess (3.8 mm
over 30 days) represents the learning error margin
and intentional safety buffer to prevent crop stress
during the adaptation period. As learning converges,
these excess approaches the 3% safety margin built
into the forecast buffer (Equation 12).

Carmaiaotve Mater (nage Corsparses: ) Duy Sivadelion Arress Theas Iirigetinh Sitategses
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Figure 10. Cumulative water usage comparison
showing consistent 24.1% savings for Al Adaptive
system across all crops.

B. Irrigation Efficiency Analysis

Irrigation efficiency, defined as the ratio of actual
crop water need to water applied, reveals stark
differences between strategies. Traditional fixed
schedule achieved only 73.0% efficiency across all
crops, indicating 27% of applied water was wasted
through over-irrigation. This inefficiency stems from
the fixed 3-day schedule applying constant amounts
regardless of actual ET variations due to weather
conditions.

Threshold IoT systems improved efficiency to 87.7%
by triggering irrigation based on soil moisture sensors
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rather than fixed schedules. However, the 12.3%
waste persists because the system applies fixed
amounts calculated to refill the root zone to arbitrary
levels rather than matching precise crop demand
forecasts.

The AI Adaptive system achieved 96.2% efficiency,
representing near-optimal water use with minimal
waste. The 3.8% excess comprises: (1) 2.3% from the
intentional 15% forecast buffer providing safety
margin against ET estimation errors, (2) 1.0% from
learning algorithm corrections during convergence,
and (3) 0.5% from sensor measurement uncertainties
and soil variability.

Irrigation efficiency directly impacts operational
costs and environmental sustainability. For a
hypothetical 1-hectare farm, 96.2% efficiency versus
73.0% represents savings of 800-1000 m* of water
per growing season, equivalent to reduced pumping
energy costs of $40-80 (assuming $0.05/kWh
electricity and 50m pumping depth) and reduced
aquifer depletion contributing to long-term water
resource sustainability.

C. Evapotranspiration Tracking and Model Accuracy
Statistical validation of ETo and ETc estimation
demonstrates the scientific foundation of irrigation
scheduling. Daily ETo values for tomato ranged from
5.3 to 8.6 mm/day with mean of 7.1 mm/day,
corresponding to ETc range of 6.1 to 9.9 mm/day
(mean 8.1 mm/day) when multiplied by Kc=1.15.
The Hargreaves-Samani equation  successfully
captured daily variations in water demand driven by
temperature fluctuations and solar radiation changes.

Comparison of cumulative ETc versus cumulative
irrigation reveals excellent correlation for the Al
Adaptive system. The coefficient of determination
(R?) exceeded 0.87 for all crops, indicating that
cumulative water application closely tracked
cumulative crop demand throughout the simulation
period. Specific R? values: tomato 0.9274, lettuce
0.9722, wheat 0.8701. These high R? values
validate that the system successfully matches
irrigation to actual crop needs on a seasonal
cumulative basis.
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In contrast, Traditional systems showed poor
correlation (R? = 0.033-0.068) between irrigation and
demand because fixed schedules ignore actual ET
variations. Threshold IoT systems improved
correlation substantially (R* = 0.725-0.946) by
responding to soil moisture depletion, though not as
precisely as the Al Adaptive approach.

RMSE and MAE metrics require careful
interpretation for irrigation systems. Because
irrigation applies water episodically (large amounts
every few days) while ETc represents continuous
daily demand, daily comparison yields higher
apparent errors. For example, Al Adaptive tomato
shows RMSE=18.77 mm/day and MAE=13.75
mm/day, but these reflect timing differences rather
than total amount errors. The high R? (0.9274)
confirms that cumulative amounts match well despite
episodic application patterns. Future work could
implement daily deficit calculations rather than
absolute amount comparisons for more intuitive error
metrics.

Katerance K1, we Crop D% far Temate (Mediiarmeness Chmace)

Figure 7. Reference ETo and crop ETc for tomato
showing parallel daily trends with ETc consistently
higher by factor Kc=1.15.

D. Soil Moisture Dynamics and Stability

Soil moisture time-series analysis reveals distinct
behavioral patterns for each irrigation strategy, with
important implications for crop health and water use
efficiency.

Traditional fixed schedule systems exhibited high
variability with soil moisture oscillating between 45-
82% of TAW for tomato. Frequent over-irrigation
events pushed moisture above 80%, risking anaerobic
conditions, nutrient leaching, and disease pressure.
Between irrigation events, moisture dropped to 45-
50%, approaching the MAD threshold (40% for
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tomato) and potentially inducing mild water stress.
This erratic pattern compromises crop performance
and wastes water.

Threshold IoT systems improved stability with
moisture ranging 52-78% of TAW, maintaining
levels mostly above the MAD threshold. However,
the fixed refill amounts occasionally caused over-
saturation, and the system triggered irrigation slightly
later than optimal due to relying solely on sensor
thresholds without ET forecasting. The moderate
stability represents substantial improvement over
traditional approaches but leaves room for
optimization.

Al Adaptive systems demonstrated optimal stability
with moisture ranging 55-75% of TAW, staying well
above the MAD threshold (40%) while avoiding
excessive saturation. The narrow 20-percentage-point
range (versus 37 for Traditional, 26 for Threshold
IoT) indicates precise control. The system
consistently maintained moisture in the optimal zone
where water is readily available to plants without
waste, stress, or disease risks. Small fluctuations
within this range are normal and healthy,
representing the natural irrigation cycle rather than
control deficiencies.

The stability achieved by Al Adaptive stems from ET
forecast-based irrigation amounts (Equation 12) that
anticipate future demand rather than simply
responding to current deficit. By adding 15% of
forecasted 2-day ET to the current deficit, the system
front-loads water availability, preventing moisture
from dropping too low between irrigation events
while avoiding over-saturation.

Sl MabiTimn By rarn bl Cimmpsarnen of Thiee vigation Siategies (Torts|
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Figure 8. Soil moisture dynamics comparing three
irrigation  strategies with MAD threshold line
showing optimal Al Adaptive stability.

E. Adaptive Learning Performance

The TinyAdjuster's learning curve demonstrates rapid
convergence to optimal performance. Initial
prediction errors (RMSE = 2.8 mm/day, MAE = 2.1
mm/day) reflect the uncalibrated state with default
correction factor of 1.04. This 4% over-estimation
provides safety margin preventing crop stress during
the learning period.

Over successive irrigation cycles, the online learning
algorithm (Equations 15-16) adjusts the correction
factor based on observed soil moisture responses.
The exponential decay pattern (Equation 17) shows:
Cycles 1-5 achieve steep error reduction from 2.8 to
1.5 mm/day RMSE (46% improvement), Cycles 6-15
continue steady improvement from 1.5 to 0.8 mm/day

0.08) provided smoother convergence but required
40-50 cycles to reach equivalent accuracy. The 0.12
value represents an optimum for typical agricultural
applications.

Lantriny Ourvn Erent Redhutian Over Cyches

............

Figure 9. TinyAdjuster learning curve showing
exponential error reduction achieving convergence
within 25 cycles.

Table 3. Summary of Simulation Results (30-day
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VIIL. DISCUSSION

This section interprets the simulation results,
compares findings with existing literature, examines
system advantages and limitations, and discusses
practical implications for deployment in resource-
constrained agricultural environments.

A. Interpretation of Water Savings

The 24.1% water savings achieved by the Al
Adaptive system compared to traditional fixed-
schedule irrigation aligns well with literature reports
of smart irrigation performance. Previous studies [2]
documented savings ranging from 18-60% depending
on baseline practices, crop types, and climate
conditions. Our results fall conservatively within this
range, reflecting realistic expectations rather than
optimistic outliers.

The 8.8% additional savings over threshold-based
IoT systems represents the value-add of ET-based
forecasting and adaptive learning versus simple
sensor-triggered fixed amounts. This incremental
improvement may seem modest but proves
significant at scale: for 10,000 hectares of small-scale
farms, 8.8% translates to approximately 2.4 million
m?® of water savings annually, equivalent to drinking
water supply for ~200,000 people based on WHO
minimum requirements of 50 liters per capita per day.

Three factors explain the water savings: (1) MAD-
based triggering prevents premature irrigation
common in fixed schedules, ensuring water is applied
only when crop actually needs it based on
scientifically determined thresholds; (2) ET forecast-
based amounts calculate precise volumes matching
predicted demand rather than arbitrary fixed
quantities, eliminating systematic over-application;
and (3) adaptive learning compensates for local
factors including sensor calibration errors, soil
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heterogeneity, and microclimatic variations that
physical models alone cannot capture.

The consistency of savings percentages across
diverse crops (tomato, lettuce, wheat) and climates
(Mediterranean, temperate, semi-arid) demonstrates
system robustness and generalizability. This suggests
the approach scales effectively across agricultural
contexts without requiring crop-specific model
retraining or extensive parameter tuning.

B. Comparison with Literature Systems

Table 1 positions our system within the landscape of
existing smart irrigation solutions. Most surveyed
systems [2][4][7] achieve water savings through
cloud-based analytics requiring internet connectivity,
presenting  barriers  for  resource-constrained
environments. Systems reporting 30-50% savings
[71[30][33] typically compare against poorly
managed baselines (furrow irrigation, over-irrigation)
rather than reasonably efficient traditional practices,
inflating apparent benefits.

The TinyML-based irrigation control system [11]
represents the most similar prior work, using edge Al
for anomaly detection and water optimization in arid
regions. However, that system lacks the adaptive
learning mechanism and scientific ET foundation of
our approach, limiting its precision and requiring
more extensive training data. Our hybrid model
combining physical equations (Hargreaves-Samani)
with learning-based correction offers advantages in
data efficiency and transparency.

Fuzzy logic approaches [32] handle uncertainties
well but lack learning capabilities to improve over
time. Machine learning systems [30][31][33] achieve
high precision but typically require cloud-based
training and substantial historical datasets, limiting
offline deployment feasibility. Federated learning
approaches [35] enable distributed training but add
complexity unsuitable for the simplest resource-
constrained deployments.

Our system's key differentiators include: (1) complete
offline operation without cloud dependencies or
subscription fees, (2) minimal training data
requirements  through physics-informed hybrid
modeling, (3) rapid convergence within one month of
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deployment through online learning, (4) transparent
decision logic combining rules and equations rather
than black-box models, and (5) low total cost of
ownership (<$100 hardware, zero recurring fees)
suitable for small-scale farms.

C. System Advantages and Innovations

Several architectural and algorithmic innovations
enable the system's performance and suitability for
resource-constrained environments:

Edge-based Al enables offline operation without
internet dependency, critical for remote agricultural
areas with unreliable connectivity. Unlike cloud-
based systems [2][4] requiring continuous data
upload and decision download, our system performs
all sensing, processing, and actuation locally. This
architecture also improves privacy (data never leaves
the farm), reduces latency (sub-20ms decisions
versus seconds for cloud round-trip), and eliminates
subscription fees that burden smallholder farmers.

The ESP-NOW communication protocol [27]
provides ultra-low-power peer-to-peer networking
without router infrastructure. Compared to LoRa
requiring gateways, WiFi requiring routers, or
Bluetooth with limited range, ESP-NOW offers
optimal balance of range (300m), latency (<10ms),
power consumption (comparable to BLE), and cost
(integrated in ESP32). This enables distributed sensor
networks spanning typical farm plots without
complex infrastructure.

Hybrid decision modeling combining physical
equations, rule-based logic, and machine learning
leverages the strengths of each approach. Physical
models (Hargreaves-Samani) provide scientific
foundation and generalization without training data.
Rule-based logic (MAD thresholds) encodes
agronomic best practices from decades of research.
Machine learning (adaptive correction) tunes the
system to local conditions without requiring
extensive historical datasets or expert calibration.

The lightweight TinyML implementation (65 KB
model, 18.7 ms inference) demonstrates that
sophisticated Al can run on $5 microcontrollers
rather than requiring expensive edge servers or cloud
GPUs. This accessibility democratizes precision
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agriculture technology, making it feasible for small-
scale farms that cannot afford commercial systems
costing $500-2000 per hectare.

Open-source architecture using widely available
components (ESP32, commodity sensors, relay
modules) and standard protocols enables local
customization, repair, and improvement. Farmers or
extension agents can modify the system to
accommodate unique crops, unusual soil types, or
integration with other farm management tools
without vendor lock-in.

D. Limitations and Validation Needs

Several limitations constrain the current work's scope
and applicability, requiring acknowledgment and
future research attention:

Simulation-based validation provides initial evidence
of system efficacy but cannot substitute for field
trials. Real-world deployments face challenges
including sensor drift and calibration errors, soil
spatial variability across fields, pest and discase
impacts on water uptake, rainfall integration and
forecasting uncertainty, and farmer acceptance and
adoption barriers. Controlled field trials with 10-20
small farms across diverse conditions over multiple
growing seasons are necessary to validate simulation
findings and refine the system for commercial
deployment.

Sensor accuracy assumptions require scrutiny. The
simulation assumes perfect sensor calibration and
stable readings over time. Actual capacitive soil
moisture sensors experience drift due to temperature
variations, soil salinity changes, and electrode
corrosion. Regular recalibration (monthly) and
replacement (annually) may be necessary, adding
maintenance burden. Redundant sensors at multiple
depths could improve reliability but increase costs.

The  Hargreaves-Samani  equation's  accuracy
limitations become significant in humid climates or
locations with narrow temperature ranges [21]. For
such environments, integration with relative humidity
and wind speed measurements to enable FAO-56
Penman-Monteith calculations may prove necessary.
The additional sensors (anemometer, hygrometer)
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add cost and complexity but improve ET estimation
accuracy from £15% to £5-10%.

Single-point sensing represents uniform field
conditions, acceptable for small plots (<1 hectare) but
problematic for larger fields with soil variability.
Spatial irrigation management requires multiple
sensor nodes and zone control valves, increasing
system complexity and cost proportionally with field
size. This limits current implementation to small-
scale farms (0.1-1 hectare plots) rather than
commercial operations (>10 hectares).

Power management assumptions rely on adequate
solar insolation typical of subtropical and tropical
agricultural regions. Higher latitude regions (>45°
N/S) with extended cloudy periods or short winter
days may require larger solar panels and battery
capacity, impacting cost and installation complexity.
Alternative power sources (utility mains, fuel cells)
may prove more practical in some contexts.

The constant crop coefficient (Kc) assumption
simplifies implementation but ignores growth stage
variations. Actual Kc values change from initial
(<0.5) through development (0.5-1.0) to mid-season
peak (1.0-1.3) and late-season decline (0.8-1.0).
Implementing dynamic Kc based on days after
planting or NDVI measurements from satellite
imagery could improve accuracy but requires more
sophisticated crop management knowledge.

E. Practical Deployment Considerations

Successful system deployment in small-scale farms
requires attention to practical factors beyond
technical performance:

Installation and training present adoption barriers for
farmers with limited technical expertise. Simplified
installation procedures with pictorial guides, pre-
configured default parameters for common crops, and
hands-on training  workshops conducted by
agricultural extension agents can reduce barriers.
Partnership with NGOs, government agricultural
departments, or farmer cooperatives could facilitate
technology transfer and provide ongoing support.

Cost  sensitivity among smallholder farmers
necessitates careful attention to total cost of
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ownership. The current hardware cost estimate ($50-
80) represents materials only; adding assembly labor,
installation, and support increases total cost to $100-
150 per system. For 0.5-hectare plots typical of small
farms, this translates to $200-300 per hectare—
competitive with commercial systems but still
substantial for subsistence farmers. Cooperative
purchasing, shared systems across adjacent plots, or
subsidy programs could improve affordability.

Maintenance requirements must align with farmer
capabilities and resource availability. The system
design prioritizes low maintenance through
weatherproof enclosures, sealed sensors, and self-
diagnostic error detection. However, periodic tasks
remain necessary: sensor cleaning (monthly),
calibration verification (seasonal), battery water level
checks for flooded lead-acid batteries (monthly), and
software updates (as available). Providing clear
maintenance checklists and remote diagnostic
capabilities could ease burden.

Integration with existing farm practices requires
flexibility. Farmers may prefer manual override
during critical growth stages, desire scheduling
constraints (no irrigation during certain hours), or
need integration with  fertigation  systems.
Configurable automation levels from fully automatic
to semi-automatic (advisor mode only) and open
APIs for third-party integration can accommodate
diverse needs.

Data ownership and privacy warrant consideration.
While the current system stores all data locally
(ensuring privacy), farmers may benefit from
optional data sharing for aggregated insights, peer
benchmarking, or compliance reporting.
Implementing secure data export with farmer consent
and encryption could enable value-added services

without compromising autonomy.
VIIL CONCLUSION AND FUTURE WORK

This paper presented an Al-powered smart irrigation
system specifically designed for resource-constrained
small-scale farms, featuring offline operation, edge-
based intelligence, and adaptive learning capabilities
deployed on low-cost ESP32 microcontrollers.

ICONIC RESEARCH AND ENGINEERING JOURNALS 2280



© OCT 2025 | IRE Journals | Volume 9 Issue 4 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV914-1711243

A. Summary of Contributions

The main contributions of this work include:

System Architecture: A three-node distributed
architecture (Sensor, Brain, Relay) communicating
via ESP-NOW protocol enables modular deployment
with ultra-low-power wireless networking. Complete
offline operation without cloud dependencies
addresses connectivity limitations in rural areas while
eliminating recurring subscription costs.

Hybrid Al Algorithm: The TinyAdjuster combines
Hargreaves-Samani ETo estimation (physical model),
MAD-based triggering (rule-based logic), and
adaptive online learning in a 65 KB model executing
18.7 ms inferences on ESP32 microcontrollers. This
hybrid approach achieves accuracy comparable to
cloud-based ML systems while running entirely on
edge devices.

Validation Results: Simulation across three crops
(tomato, lettuce, wheat) in diverse climates
demonstrated 24.1% water savings versus traditional
fixed-schedule irrigation, 8.8% savings versus
threshold-based IoT systems, and 96.2% irrigation
efficiency. Learning convergence within 25 cycles
(one month) with 84% error reduction validates the
adaptive learning approach.

Scientific Foundation: Integration of FAO-56
agronomic principles, NASA POWER global climate
data, and established soil water balance models
ensures the system rests on scientifically validated
foundations rather than heuristics or trial-and-error.

Open Implementation: Use of widely available
commercial components (ESP32, commodity
sensors) and open-source software enables
replication, customization, and improvement by the
agricultural research community and farmer
cooperatives.

B. Key Findings and Significance

The research demonstrates that sophisticated Al-
powered precision irrigation can be made accessible
to resource-constrained small-scale farms through
careful system design balancing performance, cost,
and simplicity. The consistent water savings across
diverse crops and climates suggests the approach
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generalizes well, requiring minimal crop-specific
tuning.

The offline-capable edge Al architecture proves that
intelligent agricultural decision-making need not
depend on cloud connectivity or expensive
infrastructure. This finding has implications beyond
irrigation for other precision agriculture applications
including pest monitoring, nutrient management, and
yield forecasting where remote deployments benefit
from local autonomy.

The rapid learning convergence (25 cycles)
demonstrates that online adaptive learning can
effectively compensate for model simplifications,
sensor imperfections, and local variations without
requiring extensive training datasets or expert
calibration. This data efficiency makes the
technology practical for small farms lacking
historical records.

If deployed at scale across 10,000 hectares of small-
scale farms, the projected annual water savings of 24
million m*® would reduce agricultural water
consumption equivalent to annual drinking water
needs of 200,000 people while decreasing pumping
energy costs and groundwater depletion. These
environmental and economic benefits underscore the
technology's potential contribution to sustainable
agriculture and food security.

C. Future Research Directions

Several promising research directions could extend
and improve the current system:

Field Validation: Controlled field trials with 10-20
farms across diverse soil types, crops, and climates
over multiple growing seasons represent the critical
next step. Rigorous experimental design comparing
Al Adaptive against farmer's practice and threshold
IoT baselines with measured yield, water use, and
economic outcomes will validate simulation findings
and identify real-world challenges.

Weather Forecast Integration: Incorporating short-
term (3-7 day) weather forecasts from services like
OpenWeatherMap API or NOAA when internet
connectivity available could improve irrigation
scheduling by anticipating rainfall events and heat
waves. Graceful degradation to climatological data
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when forecasts unavailable ensures continued offline
operation.

Multi-Crop Optimization: Extending the system to
handle multiple crops with different water
requirements simultaneously (e.g., vegetable gardens
with mixed plantings) requires zone-based control
with multiple sensor nodes and valve outputs.
Optimization algorithms balancing water distribution
across competing crop demands present interesting
computational challenges for edge deployment.

Dynamic Crop Coefficient: Implementing growth-
stage-dependent Kc adjustment based on days after
planting or remote sensing NDVI measurements
could improve irrigation precision during initial and
late-season stages when current constant Kc
introduces errors. Integration with Planet Labs or
Sentinel-2 satellite data provides 3-10m resolution
NDVI imagery every 3-5 days suitable for Kc
estimation.

Solar Power Optimization: Developing energy-aware
scheduling that aligns irrigation timing with peak
solar production hours (10 AM - 3 PM) could
eliminate battery requirements for pump operation,
reducing system cost and maintenance. Battery-free
operation using supercapacitors for ESP32 power
during nighttime communication remains feasible
given low standby consumption.

Nutrient Management Integration: Combining
irrigation control with fertigation (fertilizer injection)
based on crop growth stage and nutrient uptake
models could optimize both water and nutrient
efficiency. Electrical conductivity sensors measuring
soil salinity provide feedback on nutrient levels,
enabling closed-loop control.

Distributed Learning: Implementing federated
learning [35] where multiple farms' systems share
model improvements while keeping local data private
could accelerate convergence and improve robustness
across diverse conditions. Peer-to-peer model
averaging during periodic connectivity windows
maintains offline autonomy while enabling collective
intelligence.
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Economic  Analysis:  Comprehensive  techno-
economic assessment comparing total cost of
ownership (hardware, installation, maintenance,
replacements) against benefits (water savings, yield
improvements, labor reduction) across 5-10 year
lifespan will inform adoption decisions and policy
interventions.

Crop Stress Detection: Adding multispectral cameras
or thermal sensors to detect crop stress before
moisture depletion becomes severe could enable
proactive irrigation adjustments. Computer vision
running on ESP32-CAM boards could identify
disease, pest damage, or nutrient deficiencies
requiring attention beyond irrigation.

Standardization and Certification: Developing
industry standards for smart irrigation systems
including accuracy requirements, interoperability
protocols, and certification procedures could build
farmer confidence and enable market growth.
Collaboration with organizations like FAO, ISO, or
national agricultural standards bodies could establish
frameworks.

D. Broader Impact

Beyond immediate water savings, this work
contributes to several global challenges:

Food Security: Enabling small-scale farms to produce
more food with less water directly supports SDG 2
(Zero Hunger) and SDG 6 (Clean Water and
Sanitation). Improved crop yields from optimal
irrigation can increase farm income, food availability,
and rural livelihood resilience.

Climate Adaptation: As climate change intensifies
droughts and water scarcity, efficient irrigation
technologies become essential climate adaptation
strategies. The system's ability to extract maximum
productivity from limited water resources enhances
agricultural resilience to climate variability.

Technology Democratization: Demonstrating that
advanced Al can run on $5 microcontrollers rather
than requiring expensive cloud services challenges
assumptions about technology accessibility. This
principle extends beyond agriculture to healthcare,
education, and infrastructure monitoring in resource-
limited settings.
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Environmental  Sustainability: Reduced  water
extraction decreases pressure on rivers, lakes, and
aquifers, preserving ecosystems and maintaining
water availability for future generations. Lower
pumping requirements reduce agricultural energy
consumption and associated greenhouse gas
emissions.

Knowledge Transfer: The open-source nature of the
system facilitates technology transfer, capacity
building, and innovation by local researchers,
extension agents, and farmer organizations. Rather
than dependency on proprietary commercial systems,
communities can adapt and improve the technology
to local needs.

In conclusion, this research demonstrates that Al-
powered precision irrigation optimized for resource-
constrained environments can achieve substantial
water savings while maintaining accessibility and
affordability for small-scale farmers. While field
validation remains essential, simulation results
provide strong evidence supporting further
development and deployment. The convergence of
edge computing, TinyML, low-cost hardware, and
open-source  principles unprecedented
opportunities to democratize precision agriculture
and contribute to global food security and
environmental sustainability.
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