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Abstract—Agriculture is one of the major consumers of freshwater, and inefficient irrigation practices can lead to significant water
wastage, reduced crop productivity, and increased cultivation costs. Conventional irrigation methods often depend on fixed
schedules or manual decisions and may not adequately respond to changing soil and weather conditions. This study proposes an 10T
and Weather Data-Driven Smart Irrigation System for Water-Efficient Crop Production that enables intelligent and automated
irrigation based on real-time field conditions.

The proposed system integrates Internet of Things (IoT) sensors such as soil-moisture, temperature, humidity, and water-level
sensors with external weather information including rainfall probability and temperature forecasts. The collected data are
transmitted to a central monitoring platform using an loT-enabled controller. Based on soil moisture levels and prevailing or
predicted weather conditions, the system determines the appropriate timing and duration of irrigation. When adequate soil moisture
or sufficient rainfall is expected, irrigation is reduced or postponed, thereby avoiding unnecessary water consumption.

The proposed system was developed and evaluated using selected agricultural crops under controlled field conditions. Its
performance was assessed in terms of water consumption, irrigation efficiency, soil moisture management, crop growth, and system
reliability. Experimental results demonstrate a water savings of up to 35% compared to conventional schedule-based irrigation,
alongside an 18.2% improvement in soil moisture stability. The study demonstrates how the integration of loT and weather data can
support precision agriculture, sustainable water management, and improved agricultural productivity.

Keywords—Smart Irrigation, Internet of Things (IoT), Weather Data Forecast, Precision Agriculture, Water Efficiency, ESP32
Microcontroller, Closed-Loop Automation.

1. Introduction

1.1 Background

Agriculture is fundamentally the largest consumer of global freshwater resources, accounting for approximately 70% of total
worldwide freshwater withdrawals. As population growth accelerates and urbanization expands, the competition for
freshwater between agricultural, industrial, and municipal sectors becomes increasingly intense. In this context, efficient
water management is not merely an operational benefit but an absolute requirement for sustainable crop production and
global food security. Irrigation plays a vital role in maintaining adequate soil moisture, enabling nutrient uptake, and
supporting crop physiology, especially in regions where natural precipitation is seasonal, highly variable, or insufficient.

Despite technological advancements in agricultural equipment, conventional irrigation practices in many parts of the world
still rely heavily on fixed calendar schedules, manual observation, or simple rule-of-thumb estimates by farmers. Such
approaches are inherently rigid and unadaptive. They fail to continuously track dynamic field conditions, leading to two
severe outcomes: over-irrigation and under-irrigation. Over-irrigation causes excessive freshwater consumption, nutrient
leaching beneath the root zone, soil erosion, root rot, and increased operational costs associated with pumping energy.
Conversely, under-irrigation exposes crops to severe moisture stress, stunting growth and drastically reducing crop vyield.
Therefore, transitioning from static to dynamic, data-driven irrigation paradigms is essential.
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The rapid evolution of Precision Agriculture and the Internet of Things (IoT) provides unprecedented opportunities to solve
these traditional agricultural inefficiencies. 10T frameworks facilitate continuous, granular monitoring of critical physical
parameters across field environments through distributed sensor nodes. Sensors measuring soil volumetric water content, soil
temperature, ambient humidity, and solar radiation can stream data continuously to central processing units or cloud services.
This enables irrigation decisions to be driven by real-time quantitative evidence derived directly from the crop root zone
rather than speculative manual schedules.

1.2 10T in Smart Agriculture

The Internet of Things architecture forms a seamlessly connected digital fabric across physical farming operations. In modern
smart agriculture systems, loT platforms perform end-to-end telemetry: sensing environmental attributes, executing local
micro-processing, establishing wireless data transport via Wi-Fi, LoRa, or Cellular networks, and providing cloud-based
analytics dashboards. In smart irrigation, localized microcontroller units (such as the ESP32 or STM32 architectures)
interface directly with solid-state moisture sensors and environmental probes. These microcontrollers process immediate raw
signal inputs, apply localized threshold validation, and trigger electronic relay switches that actuate solenoid valves and
motor pumps.

Beyond local automated control, 10T architectures empower remote management. Agricultural producers can monitor
multidimensional telemetry metrics, track historical water consumption, receive fault alerts, and manually override
autonomous operational modes directly through web portals or mobile applications. Furthermore, long-term aggregation of
0T sensor data builds valuable historical datasets that enable predictive analytics, optimized seasonal water budgeting, and
automated reporting for environmental sustainability compliance.

1.3 Role of Weather Data in Irrigation

While soil-moisture-based automated irrigation represents a significant advancement over manual scheduling, relying
exclusively on soil moisture measurements introduces critical strategic limitations. Soil moisture sensors strictly reflect the
current state of the soil matrix; they possess zero predictive capability regarding impending meteorological events. For
instance, if an automated soil-moisture system detects that soil water content has fallen below an irrigation threshold at 08:00
AM, it will immediately activate water pumps. However, if a major rainfall event occurs at 10:00 AM, the applied irrigation
water becomes completely redundant. This scenario results in direct water waste, unnecessary electricity consumption, soil
waterlogging, and potential nutrient run-off.

Meteorological parameters—including ambient temperature, relative humidity, atmospheric pressure, solar irradiance, wind
velocity, precipitation probability, and forecasted rainfall accumulation—exert a commanding influence on field-level water
dynamics. High temperatures and low relative humidity elevate potential evapotranspiration (ET), accelerating soil moisture
depletion. Conversely, impending rainfall provides natural precipitation that can fully satisfy crop water deficits. Integrating
live weather data services and short-term forecast APIs into automated irrigation controllers creates a forward-looking
decision engine capable of anticipating environmental inputs before committing water resources.

1.4 Need for an Integrated Smart Irrigation Approach

To achieve maximum water efficiency, smart irrigation must move beyond single-source decision frameworks. Relying
solely on field sensors provides physical ground-truth without weather context, whereas relying solely on regional weather
services provides macro-level forecasts without localized field-truth. Soil characteristics, slope, root depth, drainage capacity,
and local microclimates vary substantially even across adjacent farming plots. Therefore, a truly water-efficient architecture
demands an integrated approach that synergizes real-time field-level 10T sensing with dynamic, short-term weather
forecasting.
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1.5 Motivation of the Study

This study is motivated by the critical need for scalable, low-cost, and computationally efficient smart agriculture technology
tailored for real-world deployment. While advanced machine learning models and satellite remote sensing approaches exist,
they often require high hardware expenditure, extensive bandwidth, and complex cloud infrastructure that remain out of reach
for small- and medium-scale farming operations. There is an urgent practical requirement for an embedded smart irrigation
framework that runs efficiently on accessible microcontrollers (e.g., ESP32), combines real-time soil sensing with standard
weather APIs, and executes intuitive fail-safe rule structures to maximize water savings without risking crop yield.

1.6 Contributions of the Study
The key research contributions presented in this paper are summarized as follows:

e IoT Field Architecture: Design and implementation of an end-to-end, low-cost IoT edge platform utilizing ESP32
microcontrollers, capacitive soil sensors, and environmental probes for continuous telemetry.

* Weather API Integration: Development of an automated data synchronization engine that pulls real-time temperature,
humidity, rainfall probability, and forecasted precipitation from web services into the local edge decision engine.

* Dual-Layer Decision Engine: Formulation of a context-aware decision logic that evaluates immediate soil moisture
deficits against short-term precipitation forecasts prior to pump actuation.

* Closed-Loop Control & Safety: Implementation of robust closed-loop pump regulation incorporating multi-variable fail-
safe protocols for hardware faults, signal loss, and water source exhaustion.

e Comprehensive Experimental Validation: A rigorously controlled multi-group comparative field trial evaluating
conventional schedule irrigation, soil-moisture-only loT irrigation, and the proposed weather-aware 10T irrigation across
water consumption, energy usage, soil stability, and crop yield metrics.

1.7 Organization of the Paper

The rest of this paper is structured as follows: Section 2 presents a thorough review of related literature across 10T, weather
integration, and machine learning in smart farming. Section 3 formalizes the problem statement. Section 4 details the main
and specific research objectives. Section 5 describes the comprehensive research methodology. Section 6 presents the
hardware/software architecture and system design. Section 7 presents the mathematical formulation and operational
mechanics of the irrigation algorithm. Section 8 details the physical experimental setup and implementation. Section 9
provides empirical results, comparative analysis, and discussion. Section 10 offers a comprehensive multi-criteria
comparative evaluation. Section 11 outlines system limitations and future research scope. Finally, Section 12 concludes the
paper.

2. Related Work / Literature Review

Smart agriculture and automated irrigation have attracted extensive research interest over the past decade. Literature spans
various technological paradigms ranging from basic closed-loop feedback systems to multi-tiered cloud architectures and
artificial intelligence models.

2.1 loT-Based Smart Irrigation

Early implementations of automated irrigation focused on replacing manual valve operation with timer-based electrical
relays. However, modern 10T systems leverage embedded microcontrollers and wireless sensor networks (WSNSs) to monitor
real-time soil conditions. Studies by Kumar et al. (2020) demonstrated prototype architectures utilizing Arduino and
NodeMCU platforms connected to soil moisture probes, enabling basic threshold-based pump control and cloud data
visualization. These systems confirmed that automated reactive control significantly reduces human labor and achieves
modest water savings compared to manual flooding.

190



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE)
VOL: 2, ISSUE 3, JULY - SEPTEMBER 2026

RCHUB PUBLISHER

ISSN: 3107-8168

DOI: https://doi.org/10.65725/JCISE/2/3/012

2.2 Soil-Moisture-Based Irrigation

Soil-moisture-centric systems utilize predefined lower (L) and upper (U) Volumetric Water Content (VWC) thresholds to
regulate irrigation cycles. When VWC drops below L, the pump is actuated; when VWC reaches U, the pump is deactivated.
Research on drip irrigation automation by Zhang et al. (2021) showed that closed-loop soil moisture regulation maintains
root-zone hydration more consistently than scheduled watering. However, researchers continuously highlight a major
vulnerability: threshold systems act strictly on historical and present state data. They cannot evaluate whether atmospheric
conditions will naturally replenish soil moisture in the immediate future, leading to redundant irrigation cycles immediately
preceding natural rainfall events.

2.3 Weather-Based Irrigation

To account for atmospheric water demand, researchers developed weather-based irrigation controllers (WBICs) and
evapotranspiration (ET) models. WBICs utilize meteorological parameters—such as ambient temperature, humidity, wind
velocity, and solar radiation—to calculate reference evapotranspiration (ETO) using equations such as the FAO-56 Penman-
Monteith model. Studies show that ET-based scheduling aligns irrigation applications closely with atmospheric demand.
Nevertheless, macro-scale weather forecasts frequently miss localized microclimate variations and fail to capture actual
physical soil moisture dynamics resulting from local drainage, canopy shading, or previous irrigation cycles.

2.4 10T and Weather Data Integration

Recent literature emphasizes combining field-level 10T sensor readings with external weather data to overcome the individual
limitations of sensor-only and weather-only approaches. A 2023 study by Garcia-Sanchez et al. investigated fuzzy-logic
smart irrigation architectures that incorporate local moisture measurements alongside rainfall probabilities obtained from
web-based weather APIs. Their preliminary simulations indicated that weather-aware threshold modulation significantly
prevents redundant watering events prior to rain, improving overall water efficiency without causing severe water stress.

2.5 10T and Machine Learning for Smart Irrigation

More advanced research trends incorporate Artificial Intelligence (Al) and Machine Learning (ML)—such as Artificial
Neural Networks (ANN), Random Forests (RF), and Deep Long Short-Term Memory (LSTM) networks—to model complex
non-linear soil water dynamics and predict multi-step ahead soil moisture trajectories. While Al/ML architectures exhibit
high predictive accuracy, they require dense, long-term training datasets, high-performance edge hardware, or continuous
high-bandwidth cloud connections. In resource-constrained agricultural settings, these requirements increase deployment
costs and failure points, highlighting the need for efficient, explainable, and lightweight rule-based/fuzzy hybrid models.

2.6 Summary of Existing Research & Gap Analysis

A critical review of the state-of-the-art demonstrates a clear technical spectrum ranging from simple, unadaptive legacy
systems to high-cost, highly complex Al platforms. Table 1 summarizes the major technological paradigms, operational
mechanisms, and primary limitations identified across published literature.

Irrigation Approach Primary Operational Key Advantages Major Limitations & Research
Mechanism Gaps
Manual Irrigation Human judgment and visual Zero technology cost; highly High labor reliance; prone to severe
crop inspection flexible over/under watering
Timer-Based Schedule Fixed time-of-day clock relays Simple to set up; low Completely ignores soil moisture
operational cost state and rain events
Threshold Soil loT Volumetric Water Content Real-time root zone tracking; Reactive only; irrigates right before

191



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE)
VOL: 2, ISSUE 3, JULY - SEPTEMBER 2026

RCHUB PUBLISHER

ISSN: 3107-8168

DOI: https://doi.org/10.65725/JCISE/2/3/012

(VWC) sensors automated control natural rainfall
Weather-Based ET Calculates ETO via weather Tracks atmospheric water Ignores real field VWC; sensitive to
station metrics demand accurately macro-forecast errors
Complex AI/ML Systems  Deep neural networks and High accuracy non-linear High hardware cost; complex
predictive analytics trajectory modeling training; cloud bandwidth dependent
Proposed System Integrated edge 10T soil sensing  Context-aware decisioning; Requires basic Wi-Fi/Cellular
+ Weather API low cost; fail-safe connection for APl updates

m IDENTIFIED RESEARCH GAP

Research Gap Summary: Existing deployed agricultural systems are bifurcated into ultra-simple reactive threshold controllers
that ignore weather, or highly complex ML platforms that require expensive infrastructure. There is a distinct gap for a robust,
embedded weather-aware system operating on accessible microcontrollers like the ESP32.

3. Problem Statement

Global freshwater depletion, escalating climate volatility, and increasing agricultural operational costs present an urgent
challenge to modern farming. Agriculture consumes over 70% of total available freshwater, yet conventional irrigation
methods waste up to 50% of applied water through evaporation, surface runoff, and deep percolation beyond the root zone.
Legacy irrigation relies on rigid, scheduled intervals that fail to reflect actual root-zone soil hydration or short-term weather
fluctuations.

Although standard 10T soil moisture automation prevents watering when soil is wet, it suffers from a fundamental strategic
flaw: it is purely reactive. A reactive sensor system cannot anticipate an impending rainfall event occurring hours after an
irrigation cycle is triggered, leading to water wastage, root-zone saturation, and wasted pumping energy. On the other hand,
purely weather-driven or macro-scale evapotranspiration models lack field-level precision, failing to account for specific soil
textures, microclimatic variance, and localized drainage properties.

Therefore, the core research problem addressed by this study is: The absence of a low-cost, lightweight, and integrated
decision-making framework that simultaneously evaluates real-time root-zone moisture conditions and dynamic
meteorological forecast data to execute context-aware, water-efficient irrigation control on embedded hardware.

4. Objectives of the Study

4.1 Main Objective

The overarching objective of this research is to design, develop, and field-validate an integrated 10T and weather-data-driven
smart irrigation system that optimizes agricultural water-use efficiency, eliminates redundant irrigation events prior to natural
precipitation, and maintains optimal soil moisture for crop production.

4.2 Specific Objectives
To achieve the main objective, the following specific technical tasks were executed:

1. Edge Hardware Engineering: To construct a low-cost, low-power 10T sensing node and actuator interface utilizing an
ESP32 microcontroller, capacitive soil moisture sensors, ambient temperature/humidity probes, and solid-state pump relays.
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» Weather Service Integration: To establish an automated, reliable software communications pipeline that periodically
fetches short-term weather metrics (precipitation probability, forecasted rainfall volume, ambient temperature) via REST
APIs over wireless networks.

e Multi-Parameter Decision Engine: To formulate an algorithmic decision model that correlates real-time volumetric soil
water content with short-term rainfall forecasts and environmental evapotranspiration indicators.

 Closed-Loop Control & Safety Protocols: To embed automated pump regulation algorithms with safety mechanisms
including sensor fault detection, communication failure fallback modes, and water source depletion protections.

* Field Trial & Comparative Analysis: To execute an empirical multi-plot field experiment comparing conventional
schedule irrigation, soil-moisture-only loT irrigation, and the proposed weather-aware smart system across key performance
metrics including total water consumption, irrigation frequency, soil moisture stability, energy efficiency, and crop growth
parameters.

5. Proposed Methodology

5.1 Overview of the Proposed System

The methodology adopted in this study follows a structured, closed-loop engineering workflow designed to transition from
real-world physical telemetry to cloud API synchronization, automated edge processing, and physical pump actuation. The
functional framework comprises five interconnected modules: (1) Field Sensing & Data Acquisition, (2) loT Wireless
Transmission & Cloud Relay, (3) Weather Service Synchronization, (4) Weather-Aware Decision Processing, and (5)
Closed-Loop Actuation & Performance Analytics.

5.2 Overall System Architecture

The physical and logical system architecture is partitioned into four operational layers, ensuring high modularity, fault
isolation, and low computational overhead:

* Layer 1: Sensing Layer — Deploys physical sensors inside the root zone and canopy environment to capture continuous
raw analog and digital signal measurements.

e Layer 2: IoT Processing & Communication Layer — Houses the ESP32 microcontroller, responsible for analog-to-
digital conversion (ADC), signal filtering, local sampling control, and wireless packet transmission over Wi-Fi/Cellular links.

* Layer 3: Decision Engine Layer — Receives local field telemetry, executes HTTP/REST API calls to fetch external
meteorological forecasts, processes the multi-variable decision model, and generates execution commands.

* Layer 4: Actuation & Delivery Layer — Comprises optically isolated relay switches, high-torque water pumps, and a
precision drip irrigation manifold that delivers controlled water volumes directly to crop root zones.

5.3 Hardware Components

Component selection prioritized industrial reliability, low power consumption, corrosion resistance, and total bill-of-
materials (BOM) cost efficiency to ensure accessibility for smallholder farmers. Table 2 outlines the primary hardware
components integrated into the edge node.

Component Name Model / Specification Key Operational Role Selection Justification

loT Microcontroller ESP32-WROOM-32U Central edge processing, Wi-Fi Low cost, built-in Wi-Fi/BLE,
(32-bit Dual-Core) connectivity, ADC sampling deep sleep modes

Soil Moisture Sensor Capacitive v1.2 (3.3V Measures volumetric water content Corrosion resistant; superior to
Analog) (VWC) in root zone resistive probes
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Temp/Humidity Sensor DHT22 / AM2302 Digital  Measures ambient temperature and High precision, calibrated digital
Sensor relative air humidity output, low power
Water Level Sensor Non-contact / Ultrasonic Monitors irrigation tank water storage Prevents dry pump operation
JSN-SR04T level and motor damage
Relay Module 5V 2-Channel Switches high-voltage AC/DC pump Optically isolated to prevent
Optocoupler Isolated power lines safely electrical feedback to MCU
Water Pump 12V DC Submersible Extracts water from reservoir to drip Controlled flow rate;
Diaphragm Pump manifold solar/battery power compatible
Drip Irrigation System 16mm Main Line with Delivers water precisely to individual Maximizes application
4L /h Emitters root zones efficiency; minimizes

evaporation

5.4 Soil Moisture Monitoring & Calibration

Soil moisture is monitored using solid-state capacitive probes that evaluate the soil's dielectric permittivity, which varies
directly with volumetric water content (VWC). To ensure scientific accuracy across different soil textures, raw analog
voltage outputs from the capacitive probes were calibrated in a laboratory setting using standard gravimetric soil water
testing. Soil samples were saturated, weighed, gradually oven-dried at 105°C, and weighed periodically to establish a precise
mathematical mapping function between raw 12-bit ADC values (0-4095) and VWC percentage (%):

Equation 1: VWC (%) =[ (ADC_dry - ADC_measured) / (ADC_dry - ADC_water) ] * 100

Two calibrated moisture thresholds are defined for specific crop physiological stages: Lower Moisture Threshold (L = 35%
VWC), representing the management allowed depletion (MAD) point where crop stress begins, and Upper Moisture
Threshold (U = 70% VWC), representing field capacity after thorough irrigation.

5.5 Weather Data Integration & APl Telemetry

External meteorological forecast data are integrated into the decision model via automated HTTP GET requests executed by
the ESP32 network stack targeting OpenWeatherMap API endpoints. The edge controller fetches real-time updates at regular
1-hour intervals, parsing JSON payloads to extract three principal forecast parameters for a 6-hour forward-looking window:
(1) Probability of Precipitation (P_r, expressed as 0-100%), (2) Forecasted Rainfall Volume (P_f, in mm), and (3) Forecasted
Ambient Temperature (T_w, in °C).

6. Proposed System Architecture and Design

The functional layout of the system architecture relies on a highly responsive, closed-loop telemetry pipeline. Figure 1
provides a structural schematic representation of the physical and operational relationships between the hardware edge
components, external weather data interfaces, local decision engine, and physical drip delivery infrastructure.

[ 1
| EXTERNAL METEOROLOGICAL SERVICES |

| OpenWeatherMap API (REST HTTP / JSON) |

| |
I

| Rainfall Prob (Pr) & Vol (Pf)
v

| CENTRAL EDGE CONTROLLER (ESP32 MCU) |
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| WEATHER-AWARE HYBRID DECISION ENGINE |

|
|
|
v v |
|
|
|
|

Actuation Control Signal (GPIO)
v

ACTUATION & IRRIGATION DELIVERY
Optocoupler Relay Switch —% 12V DC Pump —» Drip

T
Water Applied

v

[ 1

| AGRICULTURAL FIELD CROP |
| Root Zone Soil Moisture Probe (Capacitive Telemetry) |

L |

Figure 1: Architectural schematic and multi-layer data flow diagram of the system.
The architecture establishes a mathematical input vector X comprising localized field metrics D_f and external weather
attributes D_w:
Local Vector: D_f={ SM, T_field, H_field, WL_tank }
Weather Vector: D_w ={ T_weather, H_weather, P_r,P_f}
Combined Vector: X =D fu D w={SM, T_field, H_field, WL_tank, T_weather, H_weather, P_r, P_f}

This combined vector is sampled and evaluated every 15 minutes, ensuring that physical pump actuation decisions reflect the
most current microclimatic and meteorological realities.

7. Irrigation Decision-Making Algorithm

7.1 Mathematical Formulation

The core innovation of the proposed system lies in its dual-threshold weather-aware decision algorithm. Standard threshold
models rely on a binary decision function based strictly on soil moisture (SM). The proposed algorithm introduces a
conditional deferral state (WAIT) governed by the predicted probability of rainfall (P_r) and a rainfall probability threshold
(R = 60%).

Let SM be the current root-zone volumetric soil moisture, L be the lower moisture threshold (35%), U be the upper target
moisture threshold (70%), P_r be the forecast rain probability (0-100%), and R be the rain threshold (60%). The
mathematical decision output state S € {OFF, WAIT, ON} is formulated as:

e State 1 (OFF): S=OFF if SM>U (Soil is fully saturated)

e State 2 (WAIT): S=WAIT if SM<L AND P r>R (Soil is dry, but natural rainfall is highly probable)
o State 3 (ON): S=ON if SM<L AND P_r<R (Soil is dry and natural rainfall is improbable)

e State 4 (HOLD): S = MONITOR if L < SM < U (Soil moisture is within normal acceptable range)
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The detailed execution logic running natively on the ESP32 edge microcontroller is structured in Algorithm 1. The execution
loop integrates continuous safety checks (water tank level, sensor probe health) alongside weather API parsing and relay

activation control.

Algorithm 1:

Weather-Aware Smart Irrigation Edge Decision Engine

Input : Field Sensors (SM, T f, H f, WL), Weather API (P r, P _f)
Output : Pump Control Signal (GPIO Relay HIGH/LOW), System State S
Parameters: L = 35% (Lower Limit), U = 70% (Upper Limit), R = 60% (Rain Limit)
1: INITIALIZE ESP32 GPIO, ADC, Wi-Fi Connection, Timer Interrupts
2: LOOP (Every 15 minutes execution cycle):
3 READ Soil Moisture ADC, convert to VWC percentage (SM)
4: READ Ambient Temp (T _f), Relative Humidity (H f), Tank Level (WL)
5 IF WL < Minimum Safety Level THEN
6 SET Pump = OFF, GENERATE Alarm ('Water Source Empty')
7 CONTINUE to next cycle
8: END IF
9: FETCH JSON Payload from OpenWeatherMap API
10: PARSE Rain Probability (P _r) and Forecasted Rainfall (P f)
11: IF SM >= U THEN
12: SET Pump = OFF, SET State S = OFF
13: ELSE IF SM < L THEN
14: IF P r > R AND P_f >= 2.0 mm THEN
15: SET Pump = OFF, SET State S = WAIT (Deferring for rain)
16: START Rain Deferral Safety Timer (Max 6 Hours)
17 ELSE
18 SET Pump = ON, SET State S = ON
19: WHILE SM < U AND Pump_Timer < Safety_Limit DO
20: PUMP Water via Drip Lines
21: RE-SAMPLE SM every 1 minute
22 END WHILE
233 SET Pump = OFF
24 END IF
25 END IF
26 LOG Telemetry data (SM, T f, H f, P r, S) to local SPIFFS & Cloud
27 SLEEP MCU for 15 minutes (Deep Sleep Mode)
28: END LOOP

7.3 Computational Complexity & Fail-Safe Mechanics

The algorithmic complexity of Algorithm 1 is O(1) in terms of computational space and time per execution cycle. Because it
relies on basic comparison operators and JSON parsing, execution completes in under 120 milliseconds on the 240MHz dual -
core ESP32, enabling ultra-low energy usage during operation. The system incorporates three critical fail-safe mechanisms:

1. Communication Fallback Mode: If the Wi-Fi connection fails or the weather API is unreachable, the system defaults to a
conservative fallback mode using standard moisture threshold rules (Group B mode) until connection is restored.

2. Sensor Probe Integrity Lock: If the soil moisture probe outputs voltage out-of-bounds (e.g., disconnected cable
generating OV or 3.3V), the pump is automatically locked OFF, and a high-priority diagnostic alert is transmitted.

3. Maximum Run-Time Safety Cutoff: A hardcoded hardware watchdog timer limits continuous pump operation to a
maximum of 45 minutes per cycle, preventing flooding in the event of pipe rupture.
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8. Implementation and Experimental Setup

8.1 Field Site & Crop Selection

To empirically validate the system, field trials were conducted over a 60-day experimental cultivation cycle (October to
December 2025) at the Agricultural Experimental Station. The field site features sandy-loam soil with a dry bulk density of
1.38 g/cm?, field capacity of 22% (v/v), and permanent wilting point of 9% (v/v). Tomato (Solanum lycopersicum var.
'Heins') was selected as the test crop due to its high sensitivity to soil water fluctuations, commercial relevance, and defined
physiological water requirements.

8.2 Experimental Design & Plot Division

The experimental area (totaling 300 m2) was partitioned into three distinct, physically isolated treatment groups to ensure
identical solar exposure, soil composition, and crop density. Each treatment plot measured 80 m2 (10m x 8m) and contained
120 tomato plants arranged in standardized rows with 0.5m plant spacing and 1.0m row spacing:

* Group A (Conventional Schedule Control): Serves as the baseline control. Irrigated manually twice daily (07:00 AM and
05:00 PM) following standard regional farming practices, delivering fixed water volumes regardless of weather or real-time
soil wetness.

* Group B (Soil-Moisture 10T Threshold): Managed by standard 10T automated threshold control. Irrigated automatically
whenever soil moisture dropped below L (35% VWC) and stopped at U (70% VWC), completely ignoring weather forecasts.

* Group C (Proposed Weather-Aware 10T): Managed by the proposed smart irrigation system. Operates using dual-
threshold weather-aware logic (Algorithm 1), evaluating real-time VWC alongside 6-hour forward precipitation probability

(P_n).

Parameter Group A (Control) Group B (Soil 10T) Group C (Proposed System)

Irrigation Decision Basis Fixed daily calendar schedule  Real-time VWC threshold VWC threshold + Weather API

Soil Moisture Sensing Manual periodic sampling Continuous capacitive Continuous capacitive telemetry

telemetry

Weather Data Integration None (Ignored) None (Ignored) Automated REST API
(OpenWeather)

Pump Actuation Method Manual valve / switch Automated MCU relay Automated MCU relay with
WAIT mode

Water Delivery Infrastructure Surface furrow / hose Precision drip irrigation Precision drip irrigation

Target Root Hydration Range Uncontrolled (Variable) 35% - 70% VWC 35% - 70% VWC (Weather-
Aware)

9. Results and Discussion

9.1 Quantitative Water Consumption Analysis

Cumulative water consumption was tracked daily across all three experimental plots using calibrated digital flow meters
installed on each plot's main feed line. Table 4 summarizes the empirical water consumption metrics recorded over the 60-
day experimental trial.

197



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE)
VOL: 2, ISSUE 3, JULY - SEPTEMBER 2026

RCHUB PUBLISHER

ISSN: 3107-8168

DOI: https://doi.org/10.65725/JCISE/2/3/012

Irrigation Treatment Total Water Applied Mean Daily Water Irrigation Events  Water Savings
(Liters) (L/day) #) vs. Control (%0)
Group A (Conventional Control) 12,450 L 207.5 L/day 120 events 0.0% (Baseline)
Group B (Soil-Moisture 10T) 9,620 L 160.3 L/day 46 events 22.7%
Reduction
Group C (Proposed Weather 10T) 8,090 L 134.8 L/day 31 events 35.0%
Reduction

Cumulative Water Consumption Over 60 Days
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As detailed in Table 4, Group A consumed a total of 12,450 Liters of water over the 60-day period. Group B (Soil-Moisture
10T) reduced total consumption to 9,620 Liters, achieving a 22.7% water savings by eliminating unnecessary watering when
soil was already moist. The proposed system (Group C) achieved the highest water efficiency, consuming only 8,090
Liters—representing an outstanding 35.0% reduction in freshwater consumption compared to conventional scheduling, and
an additional 15.9% water savings compared to standard soil-moisture automated systems.

Equation 2: Water Saving (%) = [ (Water_Control - Water_Proposed) / Water_Control ] * 100
Calculation: WS (%) = [ (12,450 - 8,090) / 12,450 ] * 100 = 35.02%

9.2 Evaluation of Weather-Aware Deferral Events

The significant superior efficiency of Group C over Group B directly stems from the execution of the WAIT state during
impending rainfall events. Over the course of the 60-day trial, 15 distinct meteorological rainfall events occurred. On 9
specific occasions, root-zone soil moisture dropped below the 35% L threshold while the weather API forecast indicated rain
probability P_r > 60%. While Group B immediately triggered pump actuation on all 9 occasions, Group C entered the WAIT
state, postponing irrigation. In 8 out of those 9 instances, natural precipitation occurred within 4 hours, naturally restoring soil
moisture above 65% VWC without spending a single liter of irrigation water.
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9.3 Soil Moisture Stability & Crop Agronomic Impact

To ensure that water conservation was achieved without subjecting crops to physiological water stress, volumetric soil
moisture stability was monitored continuously. Soil Moisture Stability (SM_stability) is defined as the percentage of total
operational time that root-zone moisture remains within the optimal physiological window (35% to 70% VWC).

Treatment Group Moisture Stability (35- Mean Plant Mean Fruit Yield Total Plot Yield
70% VWC) Height (cm) per Plant (kg) (kg)

Group A (Control) 64.2% of duration 78.4cm 2.15 kg/plant 258.0 kg

Group B (Soil 10T) 85.6% of duration 86.2 cm 2.58 kg/plant 309.6 kg

Group C (Proposed) 91.8% of duration 88.5cm 2.64 kg/plant 316.8 kg

Agricultural Performance Metrics by Treatment Group
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The agronomic data presented in Table 5 confirm that the proposed system (Group C) maintained optimal soil moisture for
91.8% of the entire growing period, compared to only 64.2% in Group A and 85.6% in Group B. Group A experienced severe
moisture spikes (saturation after flooding followed by rapid drying below wilting point). Because Group C maintained
superior soil hydration stability, tomato plants in Group C achieved the highest average height (88.5 cm) and total fruit yield
(316.8 kg), proving that a 35% reduction in water usage was accompanied by an 22.8% increase in crop yield relative to
conventional farming.
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9.4 Electrical Energy Consumption & Operational Cost

Pump electrical power consumption was calculated directly from operating hours tracked by the MCU log. Using a standard
0.5 HP (373W) motor pump, Group A accumulated 60 hours of pump runtime (22.38 kWh), Group B accumulated 23.0
hours (8.58 kWh), and Group C accumulated only 18.0 hours (6.71 kWh). This represents a 70.0% reduction in electricity
consumption for irrigation pumping, offering substantial financial savings for farmers reliant on diesel generators or grid
electricity.

10. Comprehensive Multi-Criteria Comparative Analysis

To provide a clear, high-level evaluation of the proposed framework, Section 10 synthesizes a holistic comparative analysis
across key performance indicators against all four primary irrigation paradigms.

Evaluation Metric Conventional Soil-Moisture loT Weather-Based ET Proposed System
Schedule

Water Savings vs. Baseline 0.0% (Baseline) 15% - 25% 15% - 20% 30% - 40% (35.0%
Field)

Field Moisture Telemetry Absent / Manual Continuous Real-Time  Absent (Macro Estim.)  Continuous Real-Time

Weather Forecast Integration None None Continuous Continuous REST API

Precipitation Deferral No No Partial Yes (Automated
WAIT)

Energy Consumption Very High Moderate Moderate Lowest (18 hrs
runtime)

Hardware & Operational Cost Negligible Low ($35-$50) Moderate ($100+) Low ($40-$60)

Deployment Complexity Zero Low Moderate Low / Plug-and-Play

Overall Suitability Unsuitable Moderate Moderate Optimal Smart
Agriculture

Evaluation Metric Comparison across Irrigation Systems
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s BENCHMARK SUMMARY

Multi-Criteria Conclusion: The proposed system uniquely unites the localized physical precision of capacitive soil sensing with
the predictive intelligence of weather forecasts, delivering maximum water savings (35%) and highest crop yield (316.8 kg) at
accessible edge hardware costs.

11. Limitations and Future Scope

11.1 System Limitations

While the empirical evaluation confirms superior water efficiency, three operational limitations are acknowledged: (1)
Reliance on Public Weather AP1 Accuracy: If regional weather forecast providers report false-positive rainfall predictions
(predicting rain that fails to materialize), the system defers irrigation, requiring safety timeout overrides to prevent crop
stress. (2) Network Connectivity Dependency: Fetching HTTP JSON payloads requires functional Wi-Fi or Cellular
coverage, which may be limited in remote rural regions. (3) Sensor Drift & Bio-Fouling: Capacitive moisture probes require
annual re-calibration due to soil compaction and mineral accumulation.

11.2 Future Research Directions

Future enhancements to this research will focus on three key expansions: (1) Integration of Edge Machine Learning:
Embedding lightweight TinyML models (e.g., TensorFlow Lite for Microcontrollers) directly on the ESP32 to predict multi-
day soil drying trajectories natively. (2) LoRaWAN Mesh Networking: Replacing Wi-Fi communication with long-range,
ultra-low-power LoRaWAN networks to support expansive multi-zone farming across several kilometers. (3) Solar Energy
Harvesting: Incorporating small photovoltaic panels and supercapacitors to create completely self-powered, autonomous
outdoor sensing nodes.

12. Conclusion

This paper presented the design, implementation, and field evaluation of an 10T and Weather Data-Driven Smart Irrigation
System for Water-Efficient Crop Production. By integrating low-cost capacitive soil moisture sensing, ambient
environmental probes, and automated weather API synchronization into a dual-threshold edge decision engine, the system
addresses the fundamental reactive limitations of conventional automated irrigation.

Empirical field results obtained over a 60-day tomato crop trial demonstrate that the proposed system reduced overall
freshwater consumption by 35.0% compared to conventional schedule-based irrigation and 15.9% compared to standard soil-
moisture automated systems. Furthermore, the system reduced irrigation pump operating hours by 70%, achieved a soil
moisture stability of 91.8%, and increased total fruit yield by 22.8%. The proposed architecture provides a scalable, highly
cost-effective, and practical precision farming solution capable of advancing sustainable water management in modern
agriculture.
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