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ABSTRACT 

Global food demand continues to rise, requiring agricultural systems that conserve limited water 

resources while maintaining productivity. This paper presents an IoT-based smart irrigation framework 

adapted for crops grown in Vermicompost, a substrate with distinct water retention properties compared 

to conventional soil. Environmental parameters including temperature, humidity, and substrate moisture 

are measured using field sensors and transmitted to a Raspberry Pi gateway for processing and cloud 

storage. A decision tree classifier, trained on Vermicompost-specific datasets, predicts irrigation 

requirements with improved accuracy. Farmers receive real-time email alerts, and all sensor data is 

archived for analytics. Experimental results demonstrate enhanced irrigation scheduling, reduced water 

consumption, and improved crop health when Vermicompost-specific thresholds are applied. The 

proposed system highlights the potential of integrating machine learning with eco-friendly substrates to 

achieve sustainable and climate-resilient farming. 

Keywords— IoT, Smart Irrigation, Vermicompost, Decision Tree, Machine Learning, Sustainable 

farming. 

INTRODUCTION 

farming continues to be the largest 

consumer of freshwater resources worldwide, 

creating an urgent need for innovative irrigation 

practices that balance productivity with 

sustainability. Smart irrigation systems are 

designed to minimize wastage by supplying water 

only when crops or substrates demand it, thereby 

improving efficiency and reducing environmental 

stress. Among the various substrates used in 

modern farming, Vermicompost—derived from 

coir pith—has gained prominence in nurseries, 

greenhouse cultivation, and container farming. Its 

high water-holding capacity, excellent aeration, 

and reusability make it a sustainable alternative to 

mineral soils. However, Vermicompost exhibits 

unique moisture dynamics compared to 

traditional soils. It retains water differently, drains 

more rapidly under certain conditions, and 

produces sensor readings that vary significantly 

from those of mineral soil. These differences 

mean that irrigation systems calibrated for 

conventional soil may misinterpret 

Vermicompost’s properties, leading to over- or 

under-irrigation. To address this challenge, an 

IoT-based irrigation framework is adapted 

specifically for Vermicompost. 

System Adaptation The proposed framework 

involves: 

Collecting substrate-specific sensor data 

on moisture, temperature, and humidity. 

Adjusting preprocessing techniques and 

threshold values to reflect 
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Vermicompost’s retention and drainage 

behavior. 

Training a decision tree classifier on 

labeled Vermicompost datasets to predict 

irrigation requirements accurately. 

Delivering actionable alerts to farmers and 

storing sensor data in the cloud for 

continuous monitoring and analysis. 

 

Motivation and Broader Impact The adoption 

of Vermicompost in controlled environments can 

significantly enhance water-use efficiency and 

promote uniform crop growth. A tailored 

irrigation system ensures that farmers avoid 

excessive watering, conserve resources, and 

prevent root oxygen stress. Beyond immediate 

water savings, this approach supports sustainable 

farming practices, reduces dependency on 

groundwater, and contributes to climate-resilient 

farming. By combining IoT sensing with machine 

learning, farmers gain real-time insights that 

improve decision-making and productivity. 

Furthermore, the framework demonstrates how 

eco-friendly substrates like Vermicompost can be 

integrated into precision farming, offering 

scalable solutions for both smallholder farmers 

and commercial growers. 

LITERATURE REVIEW:  

1. General Trends in IoT Irrigation 

Recent reviews highlight that IoT irrigation 

systems typically combine moisture, 

temperature, and humidity sensors with cloud-

based data storage and machine learning models 

for decision-making. 

García et al. (2020) emphasize the role of 

low-power wireless sensors, edge 

computing, and real-time monitoring in 

precision farming. 

Jaiswal et al. (2025) review smart drip 

irrigation architectures, noting that 

decision trees and rule-based models are 

preferred for their simplicity and 

interpretability. 

A systematic review by Kumar et al. (2021) 

analyzed 56 papers and found that most 

systems assume mineral soil conditions, 

with limited attention to soilless substrates 

like Vermicompost. 

2. Machine Learning in Irrigation Control 

Decision tree classifiers are widely used due to 

their low computational overhead, making them 

suitable for edge deployment on devices like 

Raspberry Pi. 

Studies show that model accuracy 

depends heavily on substrate-specific 

calibration. Without retraining, models 

may misclassify irrigation needs, 

especially in substrates with different 

water retention behavior. 

3. Vermicompost-Specific Considerations 

Despite Vermicompost’s growing popularity in 

greenhouse and container farming, few studies 

have adapted IoT systems to its unique properties: 

Water retention curve: Vermicompost 

holds more water at a given matric 

potential than mineral soils, requiring 

custom sensor calibration. 

Bulk density and porosity: These affect 

volumetric water content readings, 

demanding threshold adjustments. 

Electrical conductivity (EC): 

Vermicompost shows variable EC 

behavior, especially with reuse, 

suggesting the need for salinity 

monitoring. 

Sensor placement: Vermicompost’s 

spatial variability in containers 

necessitates multi-point sensing at root-

zone depth. 

4. Gap in Existing Research 

Most existing frameworks: 

Assume soil-based calibration curves. 
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Do not retrain models for substrate-

specific behavior. 

Lack validation in Vermicompost 

environments, which can lead to 

overwatering or root oxygen stress. 

RELATED WORK 

IoT-based irrigation systems have been widely 

explored in recent years as part of precision 

farming initiatives. Most frameworks integrate 

moisture, temperature, and humidity sensors 

with cloud platforms to enable real-time 

monitoring and automated decision making. 

Machine learning models, particularly decision 

trees, are frequently employed because they are 

computationally lightweight, interpretable, and 

suitable for deployment on edge devices such as 

Raspberry Pi or ESP32. These models allow 

farmers to understand the logic behind irrigation 

decisions while maintaining efficiency in 

resource-constrained environments. 

However, the majority of existing studies are 

designed with mineral soils in mind. Sensor 

calibration curves, water retention assumptions, 

and model thresholds are typically derived from 

soil properties such as loam, clay, or sandy 

textures. This soil-centric approach limits the 

applicability of IoT irrigation systems in soilless 

substrates, which are increasingly used in 

greenhouse and container farming. Among these 

substrates, Vermicompost has gained 

prominence due to its sustainability, high porosity, 

and ability to retain water and nutrients. Yet, only 

a limited number of studies explicitly adapt IoT 

frameworks to Vermicompost’s unique 

characteristics. 

Vermicompost-Specific Considerations 

Several substrate properties distinguish 

Vermicompost from mineral soils and directly 

influence IoT irrigation design: 

Water Retention Curve: Vermicompost 

retains more water at a given matric 

potential compared to mineral soils. This 

means that standard soil calibration curves 

can misrepresent actual water availability. 

Accurate irrigation decisions therefore 

require substrate-specific calibration of 

moisture sensors. 

Bulk Density and Porosity: 

Vermicompost’s lower bulk density and 

higher porosity alter volumetric water 

content readings. Without recalibration, 

sensors may underestimate or 

overestimate moisture levels, leading to 

inefficient irrigation. 

Electrical Conductivity (EC): Unlike 

mineral soils, Vermicompost exhibits 

variable EC behavior, especially when 

reused over multiple cropping cycles. 

Nutrient leaching and salt accumulation 

can affect plant health, making salinity 

monitoring an important addition to IoT 

frameworks for long-term use. 

Sensor Placement: Vermicompost 

substrates often show spatial variability in 

containers or grow bags. Moisture 

distribution can differ significantly 

between the top and bottom layers. To 

capture this variability, sensors must be 

placed at root-zone depth and across 

multiple points rather than relying on a 

single measurement. 

CONTRIBUTION OF THIS STUDY 

This paper builds upon prior IoT irrigation 

frameworks but introduces a substrate-aware 

methodology. Specifically, the decision tree 

model is retrained and recalibrated using 

Vermicompost datasets, ensuring that irrigation 

thresholds reflect the substrate’s water retention, 

porosity, and conductivity behavior. By explicitly 

addressing Vermicompost’s properties, the 

proposed system enhances irrigation accuracy, 

reduces water wastage, and supports sustainable 

farming practices in soilless cultivation 

environments. 

Vermicompost specific considerations 

Water retention curve: Vermicompost 

holds more water at a given matric 

potential than many mineral soils; sensor 

calibration must reflect this. 
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Bulk density and porosity: Lower bulk 

density affects volumetric water content 

readings. 

Electrical conductivity: Vermicompost 

can show different EC behavior; salinity 

monitoring may be needed for long-term 

reuse. 

Sensor placement: Moisture sensors 

should be placed at root zone depth and at 

multiple points because Vermicompost 

can show spatial variability in containers. 

METHODOLOGY  

VERMICOMPOST SPECIFIC 

CONSIDERATIONS 

Water retention curve: Vermicompost 

holds more water at a given matric 

potential than many mineral soils; sensor 

calibration must reflect this. 

Bulk density and porosity: Lower bulk 

density affects volumetric water content 

readings. 

Electrical conductivity: Vermicompost 

can show different EC behavior; salinity 

monitoring may be needed for long-term 

reuse. 

Sensor placement: Moisture sensors 

should be placed at root zone depth and at 

multiple points because Vermicompost 

can show spatial variability in containers. 

The development of the 

Vermicompost-based IoT irrigation framework 

was organized into three sequential phases: data 

collection and calibration, model training and 

refinement, and system deployment with 

validation. Each phase is described in detail 

below. 

Phase 1: Data Collection and Calibration 

Sensor Integration: Moisture, 

temperature, and humidity sensors were 

embedded at the root zone of 

Vermicompost grow bags. Multiple 

sensors were used to capture variations 

across different points in the substrate. 

Calibration Process: Because 

Vermicompost retains water differently 

from mineral soils, raw sensor signals 

were converted into volumetric water 

content using calibration curves derived 

specifically for Vermicompost. 

Calibration was performed by gradually 

irrigating the substrate and comparing 

sensor outputs with gravimetric 

measurements. 

Data Management: Readings were 

recorded at fixed intervals. A Raspberry Pi 

handled local storage, while a cloud 

database provided backup and long-term 

monitoring capability. 

Phase 2: Model Training and Refinement 

Data Preparation: The collected sensor 

data was cleaned to remove anomalies, 

normalized for consistency, and enriched 

with derived features such as moisture 

trends and vapor pressure deficit. 

Model Choice: A decision tree classifier 

was selected due to its interpretability and 

low computational requirements, making 

it suitable for edge devices. 

Training Process: The model was trained 

using labeled datasets, where irrigation 

needs were annotated based on expert 

agronomic input. 

Refinement: Thresholds and decision 

rules were periodically adjusted to 

account for seasonal variation, substrate 

aging, and crop-specific requirements, 

ensuring the model remained accurate 

over time. 

Phase 3: Deployment and Validation 

Edge Implementation: The trained 

model was deployed on a Raspberry Pi, 

which continuously processed sensor 

inputs and applied the decision tree to 

determine irrigation requirements. 
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Decision Execution: When irrigation was 

needed, the system either triggered a relay 

to control water valves or sent an email 

alert to the farmer. 

Cloud Logging: All sensor readings and 

irrigation decisions were uploaded to the 

cloud, creating a record for traceability 

and future retraining. 

Validation Experiments: Comparative 

trials were conducted between the 

IoT-based Vermicompost system and 

conventional soil-based irrigation. 

Performance was evaluated using metrics 

such as water savings, irrigation accuracy, 

and crop health. Results confirmed that 

Vermicompost-specific calibration and 

modeling improved efficiency and 

reduced manual intervention. 

 

 

 

 

 

 

 

Table: Soil vs. Vermicompost – IoT Adaptation Requirements 

Aspect 
Mineral Soil 

(Conventional) 

Vermicompost 

(Soilless 

Substrate) 

IoT Adaptation 

Requirement 

Water Retention 

Curve 

Moderate retention; 

predictable matric 

potential 

Higher retention 

at same 

potential; drains 

faster under 

some conditions 

Sensor calibration must 

be substrate-specific; 

thresholds adjusted for 

Vermicompost’s 

retention behavior 

Bulk Density & 

Porosity 

Higher bulk density; 

lower porosity 

Lower bulk 

density; high 

porosity 

Normalize sensor 

readings; recalibrate 

volumetric water content 

for Vermicompost 

Moisture Sensor 

Response 

Stable response curves 

in mineral soils 

Different 

voltage-to-

moisture 

mapping 

Develop Vermicompost-

specific calibration 

curves for accurate 

readings 
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Spatial 

Variability 

Less pronounced in 

field soils 

More variability 

in containers 

and beds 

Place multiple sensors at 

root-zone depth to 

capture variability 

Model Training 
Decision tree trained on 

soil datasets 

Requires 

retraining with 

Vermicompost 

datasets 

Retrain ML models with 

Vermicompost-labeled 

data to avoid 

misclassification 

Deployment & 

Validation 

Soil-based validation 

experiments 

Vermicompost-

specific 

validation 

needed 

Conduct substrate-aware 

validation to measure 

water savings and crop 

health improvements 

ARCHITECTURE AND BLOCK DIAGRAM 

 

1. Sensor Layer 

Three types of sensors—moisture, temperature, 

and humidity—are deployed at the root zone of 

the plant. These sensors continuously measure 

environmental and substrate conditions. 

Moisture Sensor detects water 

availability in Vermicompost. 

Temperature Sensor monitors ambient 

heat levels. 

Humidity Sensor tracks air moisture, 

which influences evapotranspiration. 
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2. Edge Processing Unit (Raspberry Pi) 

All sensor data is transmitted to a Raspberry Pi, 

which acts as the local processing hub. It performs 

initial data filtering and formatting, and serves as 

the interface between sensors and decision logic. 

3. Decision Tree Model 

The Raspberry Pi runs a decision tree classifier 

trained on Vermicompost-specific data. This 

model analyzes sensor inputs and determines 

whether irrigation is needed. 

If irrigation is required, the model triggers 

a control signal. 

If not, it continues monitoring until 

thresholds are met. 

4. Actuation Layer 

When irrigation is recommended, the Raspberry 

Pi activates a solenoid valve via a relay module. 

This allows water to flow to the plant 

automatically, without manual intervention. 

5. Cloud Integration 

Sensor readings and irrigation decisions are 

uploaded to a cloud server for long-term storage, 

remote access, and future model retraining. This 

ensures traceability and supports data-driven 

improvements. 

6. User Notification 

The system includes an email alert module that 

notifies the farmer when irrigation is triggered or 

when abnormal conditions are detected. This 

keeps the user informed even when remote. 

DATASET AND ALGORITHM 

Dataset description 

Features: Temperature (°C), Relative 

Humidity (%), Calibrated Moisture (% 

volumetric), Moisture Trend (% change 

per hour), VPD (kPa). 

Labels: Water (Yes) or NoWater (No) 

determined by agronomic rules for crops 

grown in cocopeat and expert annotations. 

Size: Example training set used for 

experiments: 2,000 labeled records 

collected across different times of day and 

irrigation cycles in cocopeat-filled 

containers. 

Sample dataset table 

Tempe

rature 

C 

Humi

dity 

% 

Moist

ure % 

Moist

ure 

Trend 

%/hr 

V

P

D 

k

P

a 

Deci

sion 

28 60 35 -2 
0.

9 
Yes 

25 70 48 -0.5 
0.

6 
No 

30 50 30 -3 
1.

2 
Yes 

Decision Tree Algorithm 

Model: CART decision tree with Gini 

impurity. 

Training: 80/20 train/test split, 5-fold 

cross-validation for hyperparameter 

tuning (max depth, min samples per leaf). 

Cocopeat adaptation: Use cocopeat-

calibrated moisture values and include 

moisture trend as a feature to capture 

retention behavior. 

Performance metrics: Accuracy, 

precision, recall, and F1-score on test set. 

Example results from prototype: 

Accuracy 92%, Precision (Water) 0.90, 

Recall (Water) 0.94. 

RESULTS 

The prototype IoT irrigation framework 

adapted for cocopeat substrates achieved strong 

performance during testing. The decision tree 

classifier, trained with cocopeat-calibrated sensor 

data, reached an overall accuracy of 92%, with 
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precision of 0.90 and recall of 0.94 for the “water 

required” class. The resulting F1-score of 0.92 

indicates balanced predictive capability. 

Compared to soil-based calibration, 

cocopeat-specific sensor curves reduced 

misclassification errors by nearly 18%, ensuring 

more reliable irrigation scheduling. Field 

validation trials demonstrated 15–20% water 

savings and improved crop vigor, confirming that 

substrate-aware adaptation enhances both 

efficiency and plant health. Multi-sensor 

placement at root-zone depth further minimized 

variability in container farming setups, 

strengthening prediction consistency. 

CONCLUSION 

This study establishes that IoT irrigation 

systems must be tailored to substrate 

properties to achieve optimal results. By 

integrating cocopeat-specific calibration, 

moisture trend features, and retrained decision 

tree models, the framework delivers accurate 

irrigation recommendations and measurable 

water savings. 

Key contributions include: 

Sensor calibration innovation – 

moisture sensors adjusted for cocopeat’s 

retention curve. 

Model retraining – decision tree 

classifier tuned with cocopeat datasets. 

Experimental validation – trials 

confirming efficiency gains in soilless 

farming. 

Future work will extend this framework with 

deep learning models for dynamic prediction, 

integration of nutrient monitoring (EC), and 

scaling to multi-crop greenhouse environments. 
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