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ABSTRACT - Facing challenges from climate change, resource scarcity, and a A pTICLE HISTORY

growing population, agriculture requires sustainable and data-driven solutions.
Rural and conventional farming usually lacks access to crucial data on soil,
weather, and environmental conditions, while also having limited access to
electricity. Many existing systems are limited to simple monitoring or rely on
static data which lack integrated intelligence. This study develops a self-
powered, context-aware, and machine learning-enhanced (SPoCAML) platform
that seamlessly integrates IoT-based sensing with robust ML models to provide
real-time crop recommendations and soil classification for precision agriculture.
The system uses three-layer IoT architecture: perception layer with sensors in
the field gather data, an edge layer with local hub performs data preprocessing
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and transmission, and a cloud-based portal lets users view and analyze the
results. Designed for remote, energy-scarce environments, it is powered by a
10W solar panel and lithium-ion batteries. For its intelligence, machine learning
models were built using a 2200-instance public dataset to recommend suitable
crops and classify soil condition. Comparing algorithms—Logistic Regression,
Neural Networks, Random Forest, and XGBoost, the Random Forest model
achieved highest accuracies of 99.63% for crop recommendation and 95.65% for
soil classification. Field validation confirmed the system provides over 14 hours
of continuous operation, directly connecting real-time data collection to
actionable farming decisions. This integrated and energy-independent platform
establishes a new benchmark for intelligent and sustainable precision
agriculture in resource-limited settings.

INTRODUCTION

Global food security presents one of the most urgent challenges of our time. With projections indicating a
global population of 9.6 billion by 2050, food production must surge by approximately 70% compared to
2005 levels [1]. This rising demand is further intensified by the impacts of climate change, environmental
degradation, and the limited supply of arable land and freshwater resources [2-4]. Conventional
agricultural techniques, frequently dependent on manual effort, inherited knowledge, and the uniform
application of inputs like water and fertilizers, are increasingly revealed as inefficient, unsustainable, and
resource-intensive [5]. Such practices risk depleting soil nutrients, accelerating water scarcity, and
diminishing harvests, thereby undermining agricultural sustainability and worsening food insecurity [6],
[7].

To address these issues, precision agriculture has emerged as a revolutionary new paradigm. This
approach focuses on managing variability within a field to maximize the efficiency of inputs and conserve
environmental resources [8]. The convergence of the Internet of Things (IoT) and Machine Learning (ML)
serves as the technological backbone of modern precision agriculture. IoT enables the real-time, granular
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monitoring of field conditions through a network of sensors collecting data on critical parameters such as
soil moisture, nutrient levels (Nitrogen, Phosphorus, Potassium), pH, temperature, and meteorological
data [9].

However, the large volume and complexity of these data often exceed conventional human analytical
capabilities, creating a need for intelligent processing. Therefore, ML approach provides a pivotal
advantage which can learn from historical and real-time data to classify complex patterns and
relationships that are not apparent to the human eye [10]. They can power predictive models for tasks
such as crop yield prediction [11], disease detection [12], and crucially, for providing data-driven
recommendations on optimal crop selection and soil management practices [13]. By analyzing current soil
health and weather conditions, an ML model can advise a farmer on the most suitable crop to plant,
thereby maximizing the probability of a successful harvest and optimizing resource use.

Despite this promise, a significant gap often exists between data collection and actionable intelligence
in existing systems. Many research efforts focus on either:

1. IoT-based monitoring systems that collect real-time data but lack advanced analytical capabilities
to translate it into actionable insights [14-15], or
2. ML-based recommendation models that are trained on static historical datasets and are not
integrated with live data streams, limiting their practical applicability in dynamic farm
environments [16-18].
Furthermore, the deployment of such technology in remote, off-grid agricultural areas is frequently
hampered by the lack of a reliable power infrastructure and internet connectivity [19].

To address these research gaps, this paper presents the design, development, and validation of a self-
powered and machine learning enhanced context-aware (SPoCAML) intelligent platform for precision
agriculture. The core contribution of this work is the seamless integration of a robust ML-driven decision-
support engine with a real-time IoT sensor network, all powered by a sustainable solar-energy module.
This system moves beyond simple monitoring to provide intelligent, actionable recommendations directly
to farmers. Specifically, this study:

e Develops and implements a highly accurate Random Forest-based model for crop
recommendation and soil classification using real-time sensor data.

e Conducts a comparative analysis to demonstrate the superiority of the chosen algorithm against
other established ML techniques.

e Designs and deploys a sustainable architecture that enables continuous off-grid operation,
making it suitable for remote farming applications.

e Validates the entire system's performance and practicality through a successful field deployment.

LITERATURE REVIEW

The technological evolution of agriculture has seen a significant shift towards data-driven methodologies,
primarily through the integration of the Internet of Things (IoT) for data acquisition and Machine
Learning (ML) for advanced analytics. This section reviews the current state of research in IoT-based
monitoring systems, ML-driven recommendation models, and the emerging trend of their integration,
while identifying the specific research gaps this study aims to address.

loT-Based Soil Monitoring Systems

A significant amount of scholarly work is dedicated to applying IoT technology for real-time agricultural
monitoring. These systems constitute the essential data acquisition foundation for precision agriculture.
For instance, Gaikwad et al. [15] introduced an IoT-enabled solution for continuous agro-field
monitoring, delivering farmers with real-time information on soil condition. Although proficient at
collecting information, the system’s dependence on wired infrastructure greatly restricts its deployment
flexibility, particularly in remote and large-scale agricultural settings. Similarly, Shukla et al. [14]
developed an IoT-based user-authenticated soil monitoring system utilizing sensors to measure vital
parameters like pH and moisture content. Their work demonstrates the capability for immediate response
to changing soil conditions. However, a key limitation acknowledged is the lack of sophisticated data
analysis techniques; the system collects data but does not transform it into predictive insights or
actionable knowledge, leaving the interpretation and decision-making burden entirely on the farmer.
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ML-Driven Agricultural Recommendation

In parallell with IoT development, machine learning (ML) has become a powerful tool for solving
agricultural problems by detecting data patterns for predictive recommendations. Sheeba et al. [20]
applied an Extreme Learning Machine to classify soil types with 94% accuracy, but the model's design for
a specific region in India questions its generalizability to other regions with different soil compositions
and climatic conditions.

Further advancing crop-specific advice, Ikram et al. [21] employed advanced models like Random
Forest to recommend optimal crops based on soil properties. Thilakarathne's cloud-enabled platform
achieved 97.3% accuracy, while ITkram's model reached 97.4%. These systems provide personalized
recommendations that can significantly enhance productivity. However, their primary limitation lies in
their operational design; they are largely based on static, historical datasets. They lack integration with
real-time, continuously flowing IoT data, which is crucial for adapting to dynamic environmental changes
such as sudden rainfall, drought, or rapid nutrient depletion. This disconnection between the
recommendation model and live field conditions can reduce the practical utility and timeliness of the
advice provided.

The Integration of loT and ML

The optimal trajectory for contemporary precision agriculture involves a consolidated strategy that
integrates the real-time monitoring capacities of the Internet of Things with the prognostic capabilities of
machine learning (ML). This integration facilitates the development of a closed-loop architecture, which
is proficient not only in monitoring but also in executing intelligent responses to dynamic agro-
environmental variables.

The IoT components, as demonstrated in [14-15], provide the continuous stream of real-time data on
soil and environmental conditions—a fundamental requirement for any intelligent system. Meanwhile,
the ML approaches reviewed in [20-22], show the proven capability to process this data, identify complex
patterns, and generate predictive analytics. When combined, these technologies create a powerful
feedback loop: IoT sensors feed live data to ML models, which then provide data-driven decisions. These
decisions can either be presented to the farmer via a dashboard or used to automatically control actuators
(e.g., irrigation valves, fertilizer dispensers) for immediate action, thereby continuously enhancing system
performance and resource optimization.

However, this integration presents its own set of challenges, including ensuring robust data security,
managing the complexity of system architecture, and overcoming the constraints of IoT devices
themselves, such as high energy consumption and connectivity issues in remote areas [23]. Furthermore,
a review of the literature reveals that while many studies propose such integration, few demonstrate a
fully operational, field-tested system that combines self-powered IoT sensing with a deployed ML model
for real-time recommendation. Table 1 illustrates the summary of literature review of similar research.
Based on this review, several critical research gaps remain unaddressed:

1. Lack of Fully Integrated Systems: Many studies focus exclusively on either monitoring (IoT) or
analysis (ML). A significant gap exists in research that demonstrates a complete, operational
system that seamlessly integrates real-time IoT data acquisition with ML-driven decision-support
and automated control.

2. Limited Real-World Validation: Many proposed ML models are developed and validated on static
datasets but are not tested extensively in real-world, dynamic farm environments where live data
streams and unpredictable conditions exist.

3. Energy Sustainability: The challenge of powering IoT systems in remote, off-grid locations is
often overlooked. There is a lack of research presenting robust, self-powered solutions that ensure
continuous operation without relying on existing electrical infrastructure.

4. Actionable Automation: Many systems stop providing recommendations. There is a notable gap
in systems that close the loop by integrating with automation systems to perform actions like
irrigation or fertilizing based on ML insights without human intervention.

This study aims to address these gaps by presenting a self-powered, context-aware and machine
learning enhanced (SPoCAML) intelligent platform that not only integrates IoT and ML but also validates
the entire system's performance through real-field deployment, demonstrating a practical path towards
sustainable and precision agriculture.
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Table 1. Literature review of similar research

Reference Purpose / Method ML IoT Accuracy Limitation Advantages
Application Enabled | Enabled s/
Area Challenges
Gaikwad et | Continuously | Use  IoT No Yes Not It must be | Enables
al. [15] measures platforms Mentioned | with wires. | continuous,
variables at | to monitor real-time
the agro- | soil health. monitoring of
field. soil health and
management
through
wireless  IoT
communicatio
n.

Shukla et | Soil IoT No Yes 94% No data | Provides real-
al. [14] monitoring sensors to analysis time data on
system collect techniques | soil

real-time are conditions,
data on soil mentioned. | allowing for
conditions. lacks immediate
details on | actions
the
algorithms.
Sheeba et | Soil Classifies Yes No 94% Restricted | High accuracy
al. [16] Classificatio | soil types to a | (94%) in
n based on | based on specific classifying soil
micronutrien | various soil geographic | types using
ts attributes al region | environmental
and (Tamil and soil
environme Nadu). attributes.
ntal
conditions.
Thilakarat | To assist the | Recommen Yes No 97.3% Doesn't Random
hne et al. | farmer by | ding apply to | Forest
[22] developing suitable real-time algorithm to
crop crops data. recommend
recommenda | based on suitable crops
tion platform | available based on soil
soil and and
environme environmental
ntal data. data, helping
optimize
agricultural
productivity.
Ikram et | Correct Crop Yes No 97.4% Limited by | crop
al. [21] Selection of | selection the recommendati
Crop based on dataset, ons based on
soil which specific  soil
conditions. includes conditions,
only two | helping
soil types. improve yields
and optimize
land use for
local farming
regions.
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MATERIALS AND METHODOLOGY

This section details the architecture, hardware components, software development, and machine learning
methodology employed in building the SPoML-CA intelligent platform for precision agriculture.

System Architecture

Figure 1 outlines the core architecture of the system, which is based on a structured three-level IoT
framework. This layered approach establishes a continuous pathway from initial data gathering to the
generation of actionable intelligence [24-25]. Connectivity between system elements is achieved using
hypertext transfer protocol (HTTP) and application program interface (API), allowing for the live
visualization and assessment of vital agricultural data points like soil health, weather patterns, and
battery usage statistics.

Perception Layer: This is the physical layer consisting of sensors and actuators that interact
directly with the agricultural environment. It includes the JXBS-3001 soil sensor for data
collection, and irrigation pumps as actuators. It is powered by solar PV with TP4056 charging
module and 18650 lithium-ion battery.

Edge Layer: This layer comprises the ESP-12E-based microcontroller, which acts as an edge
gateway device. It is responsible for collecting raw data from the sensors, performing initial data
preprocessing (e.g., unit conversion, simple filtering), and handling network connectivity via Wi-
Fi to transmit data to the cloud. It also facilitates basic local decision-making, such as triggering
alarms for anomalous readings.

Cloud/Application Layer: This layer hosts the PHP -based web server and portal, MySQL
database, and machine learning model. It is responsible for storing historical data, performing
advanced analytics, and executing the trained ML models. The web portal provides the user
interface for farmers to visualize data, receive recommendations, integration of
OpenWeatherMap API and remotely control the system.
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Figure 1. Block diagram of the three-layer IoT system architecture SPOCAML intelligent platform
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Hardware Design
The SPoCAML consists of three core components:
1. Regenerative Power Module

A solar-powered DC source independent of the main grid. It includes a solar panel, a 10,000mAh 18650
lithium-ion battery bank, power converters (providing stable +5V and +3.3V DC), and a battery
management circuit for monitoring charge/discharge status. This design ensures ease of installation and
continuous 24/7 operation in remote locations. Figure 2 shows the block diagram of regenerative power
module.

TP4056 Battery Boost Converter, SPOCAML
Charger 5V Output Module

{;‘";;@ » :
elme

Solar Panel, 5V
10w

18650 Li-ion Battery Monitoring
Battery Cells Circuit

Figure 2. The block diagram of regenerative power module

2. Core Component Module

Functioning as the system's primary data hub, this module handles initial data collection and processing.
Its hardware configuration centers on an ESP-12E Wi-Fi-enabled microcontroller, complemented by a
JXBS-3001 soil sensor, a Modbus interface module, and a local OLED display. The incorporated JXBS-
3001 sensor is an industrial-grade device, pre-calibrated to deliver precise readings for a comprehensive
suite of soil conditions: nitrogen, phosphorus, potassium (NPK) concentration, moisture, temperature,
electrical conductivity (EC), and pH levels [26]. The specific tolerances for these measurements are
tabulated in Table 2.

Table 2. Measurement parameters (model JXBS-3001) [26]

Parameter Range Accuracy (Error) Resolution
Moisture 0-100 % 3% 0.1%
Temperature -40~80 °C +0.5 °C (25 °C) 0.1°C
EC 0~20000 us/cm +3% F.S 10us/cm
PH 3~9pH +0.3 pH 0.1 pH
Nitrogen 1~1999 mg/L 2% F.S 1mg/L
Phosphorus 1~1999 mg/L 2% F.S 1mg/L
Potassium 1~1999 mg/L 2% F.S 1mg/L

Data acquisition is accomplished by using an RS485-to-TTL converter and a TTL logic level shifter
(from 5V to 3.3V), connected to JXBS-3001 soil sensor as illustrated in Figure 3. This setup allows the
ESP-12E to act as a Modbus master, acquiring data from the JXBS-3001 soil sensor which acts as a slave
unit via Modbus communication. Upon data acquisition, the data are streamlined and uploaded to the
cloud layer via wireless transmission with HTTP transfer protocol.
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3. Cloud Computing & GUIs

This component integrates a web portal, server infrastructure, and external weather data services. Users,
primarily farmers, interact with the system through web browsers or mobile applications. The portal
itself, a core element of the SPOCAML system, was developed with PHP and HTML and uses a MySQL
database for data management. It offers an extensive toolkit for storing, accessing, and visualizing data,
alongside enabling remote management of irrigation. It connects to backend systems and external
services like OpenWeatherMap and a proprietary cloud server via API calls. Specifically, the portal
acquires real-time meteorological information by calling the OpenWeatherMap API with the farm's
location data, then parses and archives the resulting JSON data. This weather context is vital for
enhancing irrigation plans and developing informed farming recommendations. The architecture of the

Han et al. | Borneo Journal of Sciences & Technology | Vol. 08, Issue 02 (2026)
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portal is illustrated in Figure 4.
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Figure 4. Web-based SPoCAML portal structure

Machine Learning Modelling Procedure

The workflow for developing the machine learning classification models followed a standard
supervised learning pipeline, as shown in Figure 5. The process begins with data acquisition, which is
followed by a pre-processing phase that purifies the raw sensor data to remove noise, handle missing
values, and normalize measurements. Feature extraction for identifying relevant soil parameters for
machine learning models to construct, i.e., crop recommendation and soil classification. After the
relevant features are extracted from the data, the dataset gets partitioned into the training and testing
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datasets to enable an unbiased evaluation of the performance of the models. The training dataset gets
used to train various machine learning and deep learning models, to enable them to learn typical
features for classification models. With the training process complete, the testing dataset is used to
evaluate the models and determine their prediction potential.

2. Data 3. Data Splitting
preprocessing

1. Data Collection

6. Test Model

£l

4. ML algorithms

5. Train the Model
apply

Machine
Learning
Algorithms

-~

P

e,

7. Generate
) 8. Deployment
Performance Metrics

and Validation

Performance
Metrics

Figure 5. Flowchart of machine learning modelling procedure.

1. Data Collection and Pre-processing
The real-time dataset is acquired from both JXBS-3001 soil sensors and OpenWeatherMap server as
described earlier. This dataset consists of those parameters from soil, weather and environment. A
comprehensive dataset is essential for training machine learning models. In this work, the ML model was
trained on a publicly available crop recommendation dataset [27], containing 2200 instances and several
features: macro-nutrient level of nitrogen (N), phosphorus (P), and potassium (K), temperature,
humidity, pH, electrical conductivity (EC), and rainfall. The target variable comprised 22 crop classes.

Following data acquisition, the acquired data is undergoing data preprocessing and feature extraction
stages. The acquired dataset was imported into Python using the Pandas library. The preprocessing stage
involved handling missing values, normalizing the numerical features to a common scale using
StandardScaler, and encoding the target appliance labels. All the procedures were programmed in Python
script under PyCharm’s IDE software. Furthermore, the raw current waveform underwent a feature
extraction process. This critical step transforms the high-dimensional raw data into a lower-dimensional,
informative set of parameters that uniquely characterize the operational signature of each appliance.

The dataset was partitioned into input features (X) and target values (Y), and subsequently into 75%
training dataset (X_train, Y _train) and 25% testing dataset (X _test, Y test), to ensure unbiased
evaluation of the model performance.

2, Model Selection and Training

There are numerous options of ML algorithms available for developing multiclass classification modelling
in PyCharm IDE. However, the choice of algorithms is made depending on the specific characteristics of
the available dataset and the performance requirements. For instance, Neural Networks (NN) can be
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effective for large datasets due to their capacity to learn complex patterns, while simpler models like
Decision Tree (DT) may perform well with smaller datasets. In terms of model performance, there is a
trade-off between accuracy and speed. If real-time applications with speed requirement, simpler models

like DT may be preferred over more complex models that require more computation.

Five distinct ML classification algorithms were selected for a comparative analysis to identify the best
performer for the given dataset and task. The comparison of these ML classification algorithms is

Use Cases

Fraud detection,
customer churn,
image classification

Medical diagnosis,
credit scoring, social
sciences

tabulated in Table 3.
Table 3. Comparison of 5 selected ML classification algorithms
ML Algorithm Characteristics Strengths Weaknesses
DT [28] Sequential decision trees Handles non-linear and Overfitting problem,
complex relationships, dense computation,
and high accuracy with and sensitive to noisy
low bias
Logistic Linear model for Highly interpretable, Limited to linear data,
Regression (LR) binary/probabilistic computationally may underperform for
[29] classification. efficient, stable & complexity, fewer
reliable expressive capabilities
Neural Networks Multi-layered, interconnected High performance, high Less interpretable,

(NN) [30] nodes (neurons) that learn  flexibility which can

Random
(RF)

[31][32]
XGBoost

Gradient

hierarchical representations model extremely

of data. complex, non-linear
relationships.
Forest Ensemble method that Robust to noise, handle
combines multiple high-dimensional data, may require tuning

decorrelated decision trees.  good accuracy with low

bias and low variance.

Ensemble method that builds High predictive power,
(Extreme decision trees sequentially, computational efficiency more parameter
tuning and more

with each tree correcting the and Handles Missing

Boosting) [33]  errors of the previous one. Data Well

computationally
intensive, prone to
overfitting, and
complex tuning
Less interpretable,

Prone to overfitting,

interpretability

Image recognition,
recommendation,
complex data
relationships

Classification,
regression, feature
ranking, diverse
domains

Classification,
regression, feature
ranking, diverse
domains

3. Mod

el Evaluation

Model performance was evaluated on the held-out test set using standard metrics such as accuracy, recall
rate, precision rate, and Fi-score. The calculation formulae are shown in Equation (1)-(4).

e Accuracy: The proportion of total correct predictions.

TP+TN
TP+FN+TN+FP

Accuracy =

1)

Precision: The proportion of true positive predictions among all positive predictions.

Recall =%
et = TP T FN

(2

Recall: The proportion of true positives identified correctly among all actual positives.

TF

P .. _
Teclsion —TP T FP

F1-Score: The harmonic mean of precision and recall.
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2 X Precision X Recall (4)
Precision 4+ Recall

F1 — Score =

Where TP denotes true positive, TN means true negative, FP means false
positive, and FN means false negative.

4. Deployment and Integration

The trained Random Forest model was serialized and saved as a .pkl file using Python's pickle module. It
was then integrated into the web application's backend. A PHP script on the server receives sensor data,
sends it via a POST request to a Python API endpoint (built using Flask), which loads the model, performs
the prediction, and returns the recommended crop or soil class to be displayed on the farmer's dashboard
in real-time.

RESULTS AND DISCUSSION
Battery charging and discharging profile

The performance of the Regenerative Power Module, specifically its charge and discharge cycles, was
validated through experimentation. An analysis of the battery's behavior was conducted both theoretically
and in the field. The foundation for the theoretical runtime calculation is Equation (5):

Device runtime = Bat_mry Capmm:‘ :".14'.&1;. (5)
Device Powar Rating (W)

Powering the system is a 10000mAh 18650 lithium-ion battery bank, which holds 37.0 Wh of energy.
Since the SPoCAML unit consumes an average of 2.55W i.e., 0.51A @ 5.0V, the expected runtime from a
full charge is 14.51 hours.

To verify this, a real-world discharging test was performed in the absence of sunlight. The module,
connected to a fully charged battery, operated from 6:00 pm on September 10, 2025, to 8:15 am the next
day (see Figure 6). The measured runtime of 14 hours and 15 minutes closely matched the calculation,
with only a 2.48% error. This successful test proves the 10000mAh 18650 lithium-ion battery bank can
achieve the intended self-powered, sustainable design for the SPoCAML system. The operational
paradigm uses solar PV for daytime power and battery charging, then switches to the stored battery
energy at night. This energy-independent operation confirms the system's viability for maximizing
farming efficiency while minimizing its environmental footprint.

Battery (%)
E
100
50
0
Time
| |
18:00pm < 14:15hrs > 08:15am

Figure 6. Battery discharging pattern and battery remaining in percentage (%).
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Weh-based SPoCAML portal

The result for the Web Portal of SPOCAML showcases several features, including site information, data
lists for analysis and trending, location information, Open Weather Data, remote control of water valves,
and automation programming. Figure 7 shows the dashboard of field collected soil information with open
weather data

€ensor 1 : Hum.Moist(%) Sensor 2 : Temp(oC) Sensor 3 : Conductivity(us/cm) Sensor 4 : pH )
13.60 26.40 173.00 5.70
Soil Sensor Data
Sensor 5 : Nitrogen(mg/kg) Sensor 6 : Phosphorus(mg/kg) Sensor 7 : Potassium(mg/kg) Sensor 8 : Battery(%)
\ 0.00 40.00 32.00 0.00 j
( ™\
Actuator 1 : [Actuator0O1] Actuator 2 : [Actuator02] Actuator 3 : [Actuator03] Actuator 4 : [Actuator04]
@) water valves
. J
/ Intelligent Soil Monitoring System (Weather and Soil Info). \
Current Data 1111 Temp.(10cm below) : Temp.(surface) : Moisture :
26.6 oC 26.6 oC 0.3
Weather Info
Rainfall Forecast (in next 3hrs) : (in next 6hrs) : (in next 9hrs) :
6.4mm 5.1mm 0.8mm
Wind Speed Forecast (in next 3hrs) : (in next 6hrs) : (in next ghrs) :
K 1.5m/s 1.4m/s 1.7ms 1|/

Figure 7. The dashboard of field collected soil information with open weather data

Performance of Machine Learning Models

The core intelligence of the proposed system hinges on the accuracy and reliability of its machine learning
models for crop recommendation and soil classification.

1. Crop Recommendation Model

The Random Forest (RF) classifier demonstrated exceptional performance in recommending the most
suitable crop based on soil and environmental parameters. The model achieved peak accuracy
0f 99.63% on the test set. The high Fi-score of 99.09% and recall of 99.29% indicate a nearly perfect
balance between precision and sensitivity, meaning the model is excellent at both correctly identifying the
right crop and rarely missing the correct classification. The confusion matrix visualized in Figure 8
revealed minimal misclassifications. The few errors that occurred, e.g., misclassifying a sample of 'rice’ as
'jute', were between botanically or environmentally similar crops, suggesting the model learned nuanced
features rather than making random errors.
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Confusion Matrix for Random Forest
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Figure 8. Confusion Matrix for Random Forest for crop

2. Comparative Analysis of ML Algorithms
To validate the choice of the Random Forest algorithm, its performance was benchmarked against three

other prominent classifiers: Logistic Regression (LR), an Artificial Neural Network (ANN), and XGBoost
(XGB). The results, summarized in Table 4, clearly demonstrate the superiority of the ensemble method.

Table 4. Comparative performance metrics of different machine learning algorithms for crop

recommendation
Algorithm Accuracy (%) F1-Score (%) Recall (%)
Logistic Regression (LR) 97.09 97.08 97.17
Neural Network (ANN) 08.54 98.54 08.62
XGBoost (XGB) 98.54 98.55 08.83
Random Forest (RF) 99.63 99.09 99.29

While all models performed respectably, Logistic Regression, as a linear model, struggled with the
more complex, non-linear decision boundaries inherent in the agricultural data. The ANN and XGBoost
performed very well, nearly matching each other, but fell just short of Random Forest's accuracy. The RF's
performance can be attributed to its inherent ability to create a diverse set of decision trees that vote on
the outcome, effectively reducing variance and overfitting while capturing complex interactions between
features like nitrogen levels and rainfall [19]. This result aligns with findings from Thilakarathne et al.
[10], who also reported high performance from tree-based models in agricultural recommendation tasks.
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3. Soil Classification Model

The same ML modelling procedure was applied to classify soil types based on sensor readings. This model
also performed robustly, achieving an accuracy of 95.65%. While slightly lower than the crop
recommendation accuracy, this is still a highly effective result for a multi-class classification problem for
soil classification task. The high performance confirms that the selected sensor parameters (N, P, K,
moisture, pH, EC, temperature) contain sufficient information to accurately discern between different soil
types, a finding that supports the approach taken by Sheeba et al. [20], though with a different
algorithmic approach.

Field Testing and Validation

The functionality and operational efficiency of the fully integrated SPoCAML system were assessed
through real-world deployment on smart farms. A key validation site was a 100.0m x 50.0m pineapple
plantation in Sibu, Sarawak, Malaysia, along Jalan Teku, which acted as the experiment plot (see Figure

9a).
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Figure 9. SPoOCAML deployment for validation, (a) site location, (b) system deployment, and (c)
placement of sensor.

For protection, the SPoOCAML unit was installed in a compact, weatherproof (IP65) enclosure
measuring 15.0cm on each side. This case contained the core electronics, while the soil moisture sensor
and solar PV panels remained external. Wires for these external components were routed through a
dedicated hole drilled into the enclosure. Once assembled, the unit was fixed to a PVC pipe. Figures 9(b)
and 9(c) depict the final setup of the SPoOCAML system within its plant box.

The web portal provides the user interface for farmers to visualize data, receive recommendations,
integration of OpenWeatherMap API and remotely control the system. In the dashboard of the web portal,
a new visualization was made to demonstrate feasibility of the deployed ML models, i.e., crop
recommendation and soil classification, to predict the best crops to be grown and classify the farming soil
type based on the current soil and environment parameters. Specifically, the PHP-scripted dashboard
asks for the deployed ML prediction services by calling its application program interface (API) request,
and in return, the prediction result is sent back to the dashboard for visualization purpose. Figure 10 (a)
shows the crop recommendation dashboard for real time predictions of the most suitable crops. Similarly,
the soil classification dashboard is depicted in Figure 10 (b) to predict the soil type based on the detected
soil and environment parameters.
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ML Model - Prediction of Crop

N: P: K: Temperature :
|0.00 | |0.00 | [0.00 | |28.10 |
Humidity : pH: Rainfall : [Load Data]
|0.00 | |4.50 | |500 |
Predicted : [Predict Crop]
mango
(a)

ML Model - Prediction of Soil

N: P: K: Temperature :

[0.00 \ 0.00 | |0.00 | |28.10 \
Humidity : pH: Conductivity : [Load Data]

[0.00 | |4.50 | |0.00 |

Predicted : [Predict Soil]
Clay
(b)
Figure 10. Dashboard incorporated with the deployed ML models, (a) crop recommendation and (b) soil
classification.
CONCLUSION

This study successfully designed, developed, and validated a self-powered context-aware and machine
learning enhanced solution for precision agriculture. The project's primary objective was to bridge the
critical gap between data collection and actionable intelligence by seamlessly integrating IoT-based
sensing with robust machine learning analytics, all powered by a sustainable energy source. The findings
demonstrate that this integrated approach presents a viable and highly effective solution for modernizing
agricultural practices and promoting sustainability.

The core achievement of this work is the development and deployment of a highly accurate machine
learning models for decision support. Random Forest proved superior, delivering outstanding
performance with 99.63% accuracy in recommending crops and 95.65% in classifying soil types. Such
high reliability not only offers farmers a dependable tool but also fosters crucial confidence in the system's
guidance. A comparative study validated that Random Forest exceeded the performance of other well-
known models like Logistic Regression, Neural Networks, and XGBoost for these particular tasks.

Furthermore, a key practical challenge was resolved: operational sustainability in resource-limited
settings. The incorporation of a regenerative power module facilitated uninterrupted system operation
exceeding 14 hours, thereby verifying its feasibility for remote, off-grid farming scenarios. This capability
for self-sufficient energy operation constitutes a significant improvement over systems requiring
connection to established electrical grids, dramatically improving the prospects for widespread adoption.

In conclusion, this research contributes a comprehensive, practical, and sustainable blueprint for
intelligent precision agriculture. It effectively demonstrates that the convergence of IoT, machine
learning, and renewable energy can create systems that are not only technologically advanced but also
accessible and beneficial for the global agricultural community.
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