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Abstract

Efficient environmental monitoring and irrigation management are critical challenges in tropical oil palm
plantations due to high humidity, temperature variability, and large cultivation areas. This study presents an
Internet of Things (loT)-based monitoring and decision-support system integrated with a lightweight linear
regression model to optimize plantation management. This study presents an loT-based monitoring and decision-
support system for tropical oil palm plantations that integrates calibrated environmental sensors with a lightweight
linear regression model to enable real-time irrigation management. Deployed over three months on a 50-hectare
plantation, the system achieved a 98.7% data transmission success rate and strong predictive performance (R?
= 0.89, MSE = 0.45), delivering below-threshold humidity notifications with 92-94% accuracy and an average
latency of 4.3 seconds via an Android application. Field results demonstrate that data-driven irrigation reduced
water usage by 23%, increased fresh fruit bunch (FFB) yield by 12%, and lowered manual inspection and labor
costs, confirming the system’s effectiveness, scalability, and suitability for sustainable plantation management in
tropical environments.
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Monitoring soil humidity and temperature represents a critical foundation for precision
agriculture and sustainable land management. Soil moisture directly influences water
availability, nutrient transport, and root development, while soil temperature affects
microbial activity and plant growth cycles. Conventional soil monitoring methods rely
heavily on manual sampling, which is labor-intensive, time-consuming, and unsuitable for
large-scale or remote agricultural areas. Low-cost soil sensors integrated with 0T networks
offer an alternative by enabling continuous, real-time data acquisition. However, studies
show that low-cost capacitive soil moisture sensors often suffer from calibration drift,
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environmental sensitivity, and long-term reliability issues, which limit data accuracy if not
properly managed. These limitations highlight the need for intelligent monitoring systems
that combine sensing technologies with advanced data processing to ensure reliable soil
condition assessment [1].

The increasing demand for sustainable agricultural practices further intensifies the
importance of accurate soil monitoring. In plantation-based agriculture, such as oil palm
cultivation, soil moisture and temperature variability significantly affect productivity, energy
efficiency, and environmental sustainability. Research on biomass-based energy systems
and plantation sustainability emphasizes that inefficient water and soil management lead
to resource waste and reduced long-term yields. Despite this awareness, many agricultural
systems still lack real-time feedback mechanisms that enable adaptive decision-making.
This gap creates challenges in balancing productivity with sustainability goals, particularly
in remote plantations where environmental conditions fluctuate rapidly and human
intervention remains limited [2], [6].

Recent advances in artificial intelligence have transformed how soil and environmental
data are analyzed and utilized. Deep learning and machine learning models now enable
predictive analytics by learning complex relationships between soil conditions, weather
patterns, and crop responses. Comprehensive reviews on multimodal data fusion
demonstrate that Al can integrate soil humidity, temperature, and environmental data to
support sustainable plant care and early stress detection. Nevertheless, most Al-driven
studies focus on prediction accuracy using offline datasets, while real-time deployment in
loT-based soil monitoring systems remains limited. This disconnect between algorithm
development and practical implementation poses a major challenge for remote agricultural
management [3].

loT-based monitoring systems play a crucial role in enabling remote and continuous
observation of soil conditions. Wireless sensor networks using technologies such as LoRa
and cloud platforms allow farmers to access soil data in real time from distant locations.
Several studies successfully implement loT soil monitoring in palm oil plantations and smart
irrigation systems, demonstrating improved water-use efficiency and operational control.
However, these systems often rely on threshold-based decision rules that fail to adapt to
complex and dynamic environmental changes. Without intelligent data interpretation, loT
platforms risk becoming passive data collectors rather than active decision-support tools
[10], 171, [21].

Machine learning techniques increasingly address this limitation by enhancing
prediction and decision-making capabilities in loT-based agriculture. Research on soil
moisture prediction and smart irrigation systems shows that regression models, ensemble
learning, and neural networks significantly improve predictive accuracy compared to
traditional methods. These approaches enable proactive irrigation scheduling and early
detection of unfavorable soil conditions. Despite these advantages, many implementations
require centralized cloud processing, which introduces latency, increases energy
consumption, and depends on stable internet connectivity. Such constraints reduce system
reliability in rural and remote agricultural areas [5], [23].

Remote sensing technologies complement ground-based IoT systems by providing
large-scale spatial information on soil moisture and environmental conditions. Satellite-
based soil moisture retrieval and GIS-integrated monitoring frameworks demonstrate
strong potential for regional-scale analysis and long-term environmental assessment.
However, satellite data often lack temporal resolution and cannot fully capture local soil
variability at the plant or plot level. This limitation underscores the importance of combining
in-situ 0T sensor data with Al-driven analysis to achieve both spatial coverage and local
accuracy in soil monitoring applications [7], [8].

The integration of loT and Al also supports climate-resilient and adaptive agriculture.
Reviews on Al- and loT-enabled smart farming systems emphasize their role in mitigating



climate risks, optimizing resource use, and improving crop resilience under extreme
weather conditions. Nevertheless, adoption barriers persist, including system cost,
technical complexity, data interoperability issues, and limited user trust. These challenges
are particularly evident in developing regions, where infrastructure and technical expertise
remain uneven. Addressing these barriers requires robust, scalable, and user-friendly
monitoring solutions that operate reliably in real-world agricultural settings [12], [18], [20].

Overall, existing studies demonstrate significant progress in soil humidity and
temperature monitoring using loT and Al, yet several research gaps remain. Many systems
focus on either sensing, communication, or data analysis in isolation, rather than delivering
an integrated end-to-end solution for remote management. Systematic reviews confirm the
need for architectures that combine real-time sensing, intelligent analytics, and efficient
communication across device, edge, and cloud layers. Therefore, this study focuses on
developing an integrated loT- and Al-based system for monitoring soil humidity and
temperature, aiming to enhance accuracy, adaptability, and remote decision-making
capabilities for sustainable agricultural management [28], [29], [30].

Our loT and Al-driven system introduces a tropical-specific solution for real-time
monitoring of soil humidity and temperature in oil palm seedling zones, addressing a critical
gap in scalable plantation management. Unlike general crop studies [15-17, 24] that lack
predictive intelligence, our system integrates linear regression-based Al to analyze live
sensor data and optimize irrigation schedules and yield outcomes. Distinct from prior oil
palm studies with limited scalability [27], our approach leverages low-cost, energy-efficient
hardware and a cloud-based dashboard to support large-area deployment and remote
supervision.

Unlike research focused solely on irrigation or yield, our system delivers a holistic AloT
framework combining real-time sensing, predictive analytics, and mobile accessibility to
achieve measurable impact: 23% water savings, 12% yield improvement, and 15% labor
cost reduction. Furthermore, our sensors are engineered for tropical resilience, ensuring
reliable performance in humid, high-temperature environments, an advancement over
generic sensor systems [18—20]. This makes our system uniquely suited for real-time
monitoring of oil palm seedlings, with actionable insights accessible via a mobile
application.

2. Related Works

Several studies investigate the reliability of soil moisture sensors as the foundation of
loT-based soil monitoring systems. Placidi et al. conduct a detailed characterization of low-
cost capacitive soil moisture sensors and demonstrate that these sensors enable dense
deployment at low cost for large-scale monitoring. Their results show that properly
calibrated sensors achieve stable measurements with percentage deviations typically
below single-digit levels when compared with reference instruments, making them suitable
for lIoT networks. However, the study also highlights sensor drift and sensitivity to
temperature and soil salinity as major limitations, which can degrade long-term accuracy if
systems do not incorporate intelligent calibration or data correction mechanisms [1].

loT-based soil monitoring has been widely applied in plantation agriculture, particularly
in oil palm ecosystems. Saleh et al. develop a real-time soil monitoring system using LoRa
communication and demonstrate reliable long-range data transmission in plantation
environments. Their system successfully delivers continuous soil moisture and temperature
readings, enabling remote supervision of field conditions. While the study emphasizes
communication reliability and system scalability, it relies primarily on threshold-based alerts
and does not apply Al-based prediction or adaptive control, limiting its ability to anticipate
soil condition changes before critical thresholds are reached [17].

Machine learning techniques increasingly enhance soil moisture analysis by
transforming raw sensor data into predictive insights. Khan et al. apply multiple machine



learning models to predict oil palm yield under fluctuating soil moisture and weather
conditions. Their workflow achieves prediction performance with coefficients of
determination exceeding 0.85 in several scenarios, demonstrating strong relationships
between soil moisture patterns and crop productivity. Despite these promising results, the
study depends on historical and offline datasets and does not integrate real-time loT data
streams, which constrains its applicability for continuous remote management [5].

Recent work focuses on improving prediction accuracy in loT-based smart irrigation
systems through advanced learning models. Puajpanda et al. compare ensemble learning
methods with traditional techniques for soil fertility and moisture assessment and report
measurable accuracy improvements, with ensemble models outperforming baseline
approaches by notable percentage margins. Their findings confirm that Al-driven analytics
significantly improve decision accuracy for irrigation management. However, the system
architecture emphasizes cloud-based computation, which introduces latency and energy
consumption challenges in remote agricultural deployments [10].

Several studies explore regression and lightweight machine learning models for soil
moisture prediction at the plant level. Iriyanta et al. implement linear regression for soil
moisture prediction in loT-based monitoring of ornamental plants and demonstrate
prediction errors that remain within acceptable percentage ranges for practical irrigation
control. Their approach offers simplicity and low computational cost, making it suitable for
edge devices. Nevertheless, linear models struggle to capture nonlinear soil-environment
interactions, which limits prediction robustness under rapidly changing climatic conditions
[26].

The integration of Al with loT is further strengthened by recent large-scale reviews and
experimental studies. Nawaz and Babar emphasize that Al-loT frameworks improve
climate resilience in agriculture by enabling early stress detection and adaptive
management. Their analysis highlights reported efficiency gains and productivity
improvements in smart agriculture systems, often expressed as double-digit percentage
improvements in water-use efficiency across case studies. Despite these advantages, the
authors identify data interoperability, scalability, and farmer adoption as persistent barriers
to real-world implementation [12].

Cloud—edge—device collaborative architectures address many limitations of centralized
processing in smart agriculture. Pengpeng et al. review collaborative computing
frameworks and demonstrate that distributing computation across edge and cloud layers
reduces latency and bandwidth usage by significant percentages compared to cloud-only
systems. Their findings support real-time soil monitoring and Al inference closer to the field.
However, system complexity and the need for intelligent task allocation algorithms remain
key challenges for widespread adoption in resource-constrained agricultural settings [28].

Systematic reviews provide a comprehensive perspective on the maturity and gaps of
loT- and Al-based soil monitoring technologies. Miller et al. analyze smart sensing
technologies in agriculture and report that soil moisture and temperature monitoring
dominate more than half of deployed IoT use cases, reflecting their critical role in precision
farming. Similarly, recent Scientific Reports research demonstrates that advanced
regression and machine learning models achieve prediction accuracies exceeding 90% for
soil moisture estimation. Despite these strong results, the reviews consistently conclude
that many systems lack full integration between sensing, analytics, and remote
management interfaces, underscoring the need for unified loT—Al solutions capable of real-
time, autonomous soil condition management [23], [29].



3. Proposed Method

The proposed system addresses critical challenges in oil palm plantation management
through the integration of IoT for real-time data collection and Al for predictive analytics.
Oil palm (Elaeis guineensis) is highly sensitive to environmental conditions, particularly soil
moisture, air humidity, and temperature. Optimal growth requires temperatures of 30—-32°C,
air humidity of 75-100%, and consistent soil moisture to avoid water stress, which can
significantly reduce fresh fruit bunch (FFB) yields. Droughts or irregular rainfall—
exacerbated by climate change—lead to plant stress, lower photosynthesis rates,
premature fruit abortion, and yield drops of up to several tons per hectare annually. In large-
scale tropical plantations, often spanning thousands of hectares in remote areas, traditional
manual monitoring is labor-intensive, inefficient, and prone to delays, resulting in overuse
of water for irrigation, nutrient leaching, increased pest vulnerability, and suboptimal
resource allocation.

While 10T and Al are established technologies in precision agriculture, their application
in oil palm plantations is particularly vital due to the crop's economic importance (palm oil
accounts for a significant share of global vegetable oil production) and vulnerability to
climatic variability. 10T enables continuous, remote monitoring of key parameters across
vast areas, reducing reliance on manual labor, minimizing operational costs, and ensuring
data reliability even during network outages through buffering mechanisms. This facilitates
precise irrigation scheduling, conserving water in regions prone to dry seasons or uneven
rainfall distribution. Al, through predictive modeling, analyzes historical and real-time data
to forecast trends, detect anomalies early, and trigger proactive interventions—such as
alerts for impending low humidity—preventing yield losses and supporting sustainable
practices like reduced chemical inputs and better soil health management.

An loT device was developed to monitor critical environmental parameters for oil palm
cultivation, integrating a DHT22 [21] sensor for air humidity and temperature, a capacitive
soil moisture sensor for soil moisture content, and an ESP32 microcontroller for data
processing and Wi-Fi-based cloud connectivity. Designed for energy efficiency, the device
is powered by a rechargeable battery with solar panels for sustainable operation in remote
tropical plantations, with sensors calibrated to ensure accurate measurements under
varying environmental conditions.

The loT device was programmed to collect air humidity, soil humidity, and temperature
data every minute, formatting it into JSON payloads with sensor readings, timestamps, and
device identifiers, and transmitting it securely via HTTPS over Wi-Fi to a Firestore NoSQL
cloud database on Google Firebase. A local buffer was implemented to store data during
network outages, automatically synchronizing with the database once connectivity was
restored, ensuring reliable real-time data collection and transmission.
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Fig. 1. Linear Regression
The linear regression model can be expressed as:



- h(X1,X2,...,X)=BotB1X1+L2Xa+ ...+ LiXi

- X1,X2pee0, Xk

- X1,X2,...,X are the independent variables.

- Bo

- Bois the intercept.

- Bl, BZ---, Bk

- Bi, B2,....Bi are the coefficients, representing the influence of each respective
independent variable on the predicted output.

To test application development, an Android application, developed using Android
Studio, interfaces with the Firestore database to provide plantation managers with real-time
access to air humidity, soil humidity, and temperature data, updated every minute via
polling. The app features a user-friendly dashboard displaying current sensor values and
historical trends, with a notification system that alerts users when the linear regression
model predicts humidity levels falling below 50% for soil or 70% for air, including details
like sensor location and timestamp. Optimized for low-bandwidth environments, the
application ensures reliable performance in remote oil palm plantations.

The loT system for oil palm plantations was field-tested across a 50-hectare plantation,
with sensors placed to capture soil and environmental variability. Sensor accuracy was
validated against manual and laboratory measurements, and system performance was
assessed for data transmission reliability, notification latency, and battery life. Plantation
managers tested the Android app’s usability and effectiveness for irrigation decisions.
Scalability was confirmed with 20 loT devices, ensuring no performance degradation for
large-scale deployments.

An IoT system for oil palm plantations uses an ESP32 microcontroller, DHT22 sensor
(air humidity and temperature), capacitive soil moisture sensor, Wi-Fi module, and solar-
powered battery for sustainable operation. It stores time-series data in a Firestore
database, with an Android app (built in Android Studio) providing real-time data and trends,
optimized for low-bandwidth areas. Data is transmitted via HTTPS (or MQTT), and a
Python-based linear regression model predicts soil (250%) and air humidity (=70%) trends,
triggering irrigation alerts. Field-tested on a 50-hectare plantation, it validated sensor
accuracy, transmission reliability, battery life, and scalability with 20 devices, ensuring
effective large-scale tropical oil palm management.
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4. Result and Analysis

The IoT system for real-time soil humidity and temperature monitoring was tested over
three months in a 50-hectare tropical oil palm plantation. Its performance was assessed for
accuracy, reliability, responsiveness, and impact on management, emphasizing the linear
regression model's effectiveness, with results demonstrating significant improvements in
plantation efficiency. The loT system for oil palm plantations, equipped with DHT22 sensors
for air humidity (2% accuracy) and temperature (£0.5°C accuracy) and capacitive soil
moisture sensors (3% accuracy), was calibrated against laboratory-grade instruments,
ensuring reliable measurements in tropical conditions with high humidity and temperature
fluctuations. During field trials, the system achieved a 98.7% data transmission success
rate to the Firestore database, with a local buffering mechanism preventing data loss during
minor Wi-Fi disruptions by synchronizing data once connectivity was restored. The Android
application, refreshing every minute, retrieved sensor data with an average latency of 1.2
seconds, enabling near-real-time monitoring for effective plantation management.
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Fig. 3. Monitoring Page

In this study, we construct a mathematical formulation as follows a multi-stage process
from data acquisition to decision-making:
a. Model Hypothesis: The prediction is calculated using a Multiple Linear Regression

equation:
h(xy, X2, X3, ), X)) = Bo + X1 + Baxz + -+, + Brxy
Where x; X, X3 ......., X; are the independent variables (soil humidity, air

humidity, and temperature) and $\beta$ represents the regression coefficients.
b. Cost Function: To minimize the error during training, the Mean Squared Error
(MSE) is utilized:
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c. Threshold-Based Decision: The notification logic is governed by a conditional
function f(y):

. . 1,if Ypred < Threshold
Notification = { P
f 0,if Ypred = Threshold

With specific thresholds defined as Thresholdg,;; = 50% and Threshold,;,, =
70%

2. Algorithmic Steps

At the first step, we conduct data acquisition by collecting real-time environmental data
(Soil Humidity, Air Humidity, Temperature) from loT sensors. We also undergo feature
mapping by assigning sensor inputs to the independent variable vector X = [xL Xy x3].
To conduct predictive computation, this study executes the regression equation h(x) to
estimate the current plantation status. We also compare the predicted output ypreq
against the predefined minimum levels (50% and 70%). If the condition Yyreq < Vprea <
Threshold is met, trigger an Android notification; otherwise, remain in monitoring mode.

The loT system for oil palm plantations utilized a linear regression model to predict soil
(minimum 50%) and air humidity (minimum 70%) levels, triggering 142 notifications during
the trial with a 92% accuracy rate for identifying below-threshold conditions, as verified by
manual checks, with 8% false positives attributed to transient environmental changes like
brief rain events. Notifications were delivered to the Android application with an average
latency of 4.3 seconds from detection, enabling timely irrigation actions. The linear
regression model, trained on historical sensor data (soil humidity, air humidity, and
temperature), achieved strong predictive accuracy with an R? of 0.89 for soil humidity and
0.87 for air humidity, effectively forecasting trends and detecting anomalies for optimized
plantation management.

© il 0100%

Plant 4

Fig. 4. All Data and Irrigation Prediction



In this study, we adopt the linear regression model to predict soil humidity (%) as the
dependent variable (y1, y2, ys) using two independent variables (x1, x2). x1 as Air humidity
(%) measured by the DHT22 sensor and x2: Temperature (°C) measured by the DHT22
sensor.

The linear regression equation is:

y = BO+B1x1+B2x2

where:
- y: Predicted soil humidity (%),
- BO: Intercept,
- B1: Coefficient for air humidity,
- B2: Coefficient for temperature.

The model was trained on a dataset of 1,000 data points collected over one week from a
single 10T device, with measurements taken at one-minute intervals. The dataset was split
into 80% training (800 points) and 20% validation (200 points). After training using Python’s
scikit-learn library, the model yielded the following coefficients:

- B0 =10.5 (intercept),

- B1=0.65 (coefficient for air humidity),

- B2 =-0.45 (coefficient for temperature).
The model achieved a coefficient of determination (R2) of 0.89 and a mean squared error
(MSE) of 0.45 on the validation set, indicating strong predictive accuracy. Consider a single
data point collected on October 3, 2025, at 2:00 PM during the field trial, with the following
sensor readings:

- Air humidity (x41): 75%,

- Temperature (x2): 32°C.
Using the linear regression equation:
y=10.5+0.65.x1-0.45.x2
Substitute the values:
y=10.5+0.65-75 - 0.45-32
y=10.5+48.75-14.4
y =44.85
To calculate the prediction error for the soil humidity, we use the actual measurement
(45.2%) and the predicted value (44.85%) provided by the linear regression model. The
prediction error is determined by the absolute difference between the predicted and actual
values, often expressed as a percentage relative to the actual value for context.

Error = 45.2-44.85 = 0.35%
This small error demonstrates the model’s accuracy in predicting soil humidity.

In a three-month trial, the 0T system for oil palm plantations delivered notifications to
the Android app within 4.3 seconds, like an alert on October 3, 2025, at 2:00 PM: “Saoll
humidity below 50% in Zone A, Device 001. Predicted: 44.85%. Initiate irrigation.” The
manager’s irrigation raised soil humidity to 52% within 30 minutes, preventing water stress.
With 142 notifications at 92% accuracy, the system reduced water use by 23% and
increased FFB yield by 12%.



Fig. 4. System Notification

The linear regression model for predicting soil humidity in the loT system for oil palm
plantations uses air humidity (81 = 0.65) and temperature (2 = -0.45) as inputs. The
positive B1 shows that higher air humidity increases soil humidity, while the negative 32
indicates that higher temperatures (1-3 PM) reduce it due to evaporation. Trained on
historical data, the model accurately predicted soil humidity (e.g., 44.85% vs. actual 45.2%,
0.35% error), triggering 92% accurate notifications (4.3-second latency) for irrigation below
50% soil humidity, reducing water use by 23% and increasing FFB yield by 12% in a three-
month trial. Coefficients guided irrigation timing during mid-afternoon humidity drops.

The linear regression model for the loT system in oil palm plantations, evaluated on a
validation dataset, achieved an R? of 0.89, explaining 89% of the variance in soil humidity,
demonstrating strong predictive power. The mean squared error (MSE) of 0.45 indicates
low prediction errors, with most predictions within £0.5% of actual values (e.g., predicted
44.85% vs. actual 45.2% soil humidity). The model accurately predicted below-threshold
conditions (soil humidity <50%, air humidity <70%) in 94% of cases, as confirmed by
manual measurements during the three-month trial, triggering timely notifications (4.3-
second latency) that contributed to a 23% reduction in water usage and a 12% increase in
fresh fruit bunch (FFB) yield. Plantation managers found the Android application’s interface
intuitive, with 85% rating it highly for monitoring multiple plantation zones, and reported
notifications as clear and actionable, enhancing irrigation and management decisions.

The loT system's linear regression model (R?* = 0.89, MSE = 0.45) predicted soil
humidity, triggering 94% accurate notifications (4.3-second latency) for irrigation below
50%, reducing water use by 23% and increasing FFB yield by 12% compared to control
plots. The Android app, rated intuitive by 85% of managers, cut manual inspections by
40%, saving 15% in labor costs over the three-month trial, boosting plantation efficiency
and sustainability.

The loT system for oil palm plantations demonstrated robust scalability and
environmental resilience during testing across a 50-hectare plantation with 20 loT devices.
The Firestore database and cloud backend maintained 99.9% uptime, efficiently
processing data to support large-scale deployments. The devices, equipped with ESP32



microcontrollers, DHT22 sensors, capacitive soil moisture sensors, and solar-powered
batteries, operated reliably in tropical conditions (25-35°C, 70-95% humidity), with
batteries requiring recharging only once every two weeks during low-sunlight periods,
ensuring sustainable performance while delivering accurate predictions (R? = 0.89, 94%
notification accuracy) that reduced water usage by 23% and increased fresh fruit bunch
(FFB) yield by 12%.

The loT system's linear regression model predicted suboptimal soil humidity (<50%)
with 94% accuracy, validated by manual checks, and its simplicity enabled real-time use in
resource-constrained settings. Historical data showed mid-afternoon (1-3 PM) humidity
drops linked to peak temperatures (32 = -0.45), optimizing irrigation, reducing water use by
23%, and boosting FFB yield by 12%. False positives (8% of 142 notifications) suggest
adding weather data could improve accuracy, but advanced models were avoided due to
computational limits, ensuring practicality for large-scale tropical plantations.

5. Conclusion

The integration of Internet of Things (loT) and Atrtificial Intelligence (Al) technologies
has demonstrated significant potential to transform agricultural practices, particularly in the
management of oil palm plantations. The proposed system combines loT-enabled sensors
with a linear regression model to monitor soil humidity and temperature in real time,
providing predictive insights that support irrigation scheduling, soil health assessment, and
yield optimization. Field trials confirm that the system achieves high accuracy in predicting
soil conditions, leading to improved water use efficiency, enhanced crop productivity, and
reduced labor costs through remote monitoring and management. By employing affordable,
energy-efficient hardware and a cloud-based platform, the solution offers scalability and
cost-effectiveness for large plantation operations.

This study confirms that the proposed system provides accurate and responsive
environmental monitoring for tropical oil palm plantations. Deployed over three months on
a 50-hectare plantation, the system maintained high sensor accuracy (+2% air humidity,
10.5 °C temperature, +3% soil moisture) and achieved a 98.7% data transmission success
rate through a robust cloud architecture with local buffering. These results demonstrate the
system’s resilience to tropical conditions and intermittent connectivity. The use of a linear
regression model proved to be an effective and computationally efficient approach for
predicting soil humidity based on air humidity and temperature. The model achieved strong
predictive performance (R? = 0.89, MSE = 0.45) and delivered 92-94% accurate
notifications with an average latency of 4.3 seconds. The regression coefficients reflected
real environmental dynamics, enabling reliable detection of below-threshold soil and air
humidity conditions and supporting timely irrigation decisions. From a management and
sustainability perspective, the system significantly improved plantation efficiency. Data-
driven irrigation reduced water usage by 23% while increasing fresh fruit bunch (FFB) yield
by 12%, alongside reductions in manual inspections (40%) and labor costs (15%). Overall,
the findings validate that integrating loT sensing with lightweight predictive models offers a
scalable, practical, and sustainable solution for optimizing oil palm plantation management
in tropical environments.

Future work will expand data collection across multiple devices, zones, and growing
seasons to improve generalizability and enable device-wise cross-validation. Incorporating
simple temporal features and additional environmental inputs such as rainfall and solar
radiation is expected to further reduce false alerts while maintaining computational
efficiency. Planned randomized field trials will rigorously quantify irrigation and vyield
impacts, while extended sensor calibration, energy profiling, and security benchmarking
will support long-term scalability and large-estate deployment.
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