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Abstract

Precision agriculture increasingly relies on Internet of Things (IoT) technologies for continuous environmental
monitoring; however, practical deployment remains constrained by energy efficiency, long-range communication,
and system scalability. This paper presents an integrated loT-based environmental sensing system that combines
multi-parameter sensors with a microcontroller-based node and LoRa based long-range communication through a
hardware algorithm co design approach. A lightweight device level algorithm is developed to manage sequential
sensing, data validation, compact payload construction, and duty cycled transmission under resource constrained
conditions. Experimental evaluations under simulated and representative field conditions demonstrate that sensor
measurements remain within acceptable accuracy ranges for precision agriculture, with stable repeatability and
limited drift over time. Communication experiments show packet delivery ratios above 90% over extended distances,
while scalability analysis confirms reliable multi node operation with moderate latency increase. Energy profiling
reveals that duty cycled operation significantly reduces power consumption without substantially degrading
communication reliability. Overall, the proposed system provides a practical, energy efficient, and scalable solution
for long term environmental monitoring in precision agriculture.

Keywords: Precision agriculture, Internet of Things, LoRa communication, environmental monitoring, wireless

sensor networks

1. Introduction

Thailand possesses abundant natural resources and
favorable climatic conditions that have long supported
agricultural production, which remains vital for food
security, rural livelihoods, and socio-economic stability.
Despite its importance, agricultural practices in Thailand
still rely heavily on traditional knowledge and seasonal
experience  rather than  real-time, = site-specific
environmental data. This limitation often results in
imprecise management of soil, water, and agricultural
inputs, leading to yield variability, increased production
costs, and long-term environmental degradation. These
challenges are further intensified by labor shortages,
demographic transitions, and increasing climate variability.

Precision agriculture has emerged as a data-driven
paradigm aimed at improving resource efficiency and
decision-making through continuous environmental
monitoring. Recent advances in sensing technologies and
the Internet of Things (IoT) have enabled real-time
acquisition of key environmental parameters, providing
essential support for irrigation, fertilization, and crop
management strategies [1]. However, conventional short-
range wireless communication technologies are often
unsuitable for large-scale agricultural environments due to
limited coverage, high energy consumption, and poor
scalability [2],[3].

To address these limitations, Low-Power Wide-
Area Network (LPWAN) technologies, particularly
LoRa and LoRaWAN, have attracted significant

attention owing to their long communication range,
low power consumption, and cost-effective
deployment characteristics [4—6]. Numerous studies
have demonstrated the feasibility of LoRa-based IoT
systems in agricultural applications such as irrigation
management, greenhouse monitoring, and large-scale
environmental surveillance, reporting acceptable
sensing accuracy and reliable communication [7-13].

Despite these advances, many existing solutions focus
on isolated system components or rely primarily on short-
term or laboratory-based evaluations. As a result, limited
insight is provided into long-term sensor stability, energy
efficiency, system scalability, and robustness under real-
world deployment conditions [14—16]. In addition, system
cost and technical complexity continue to hinder adoption
among smallholder farmers in developing regions,
including Thailand.

Motivated by these challenges, this study proposes an
integrated loT-based environmental sensing system
designed explicitly for real-world agricultural deployment.
The proposed approach adopts a holistic hardware—
algorithm co-design strategy that integrates commercially
available multi-parameter sensors, a microcontroller-based
sensing node, LoRa-based long-range communication,
and a gateway-centric backend architecture. A lightweight,
energy-aware device-level algorithm is developed to
manage sequential sensing, data validation, compact
payload construction, and duty-cycled transmission under
resource-constrained conditions. Rather than introducing
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new sensing hardware, the novelty of this work lies in the
systematic integration of sensing, communication, and
energy-aware control within a deployable and scalable
framework.

Based on this design direction, the contributions of
this study can be summarized in five main aspects.
First, the study proposes a complete LoRa-enabled IoT
sensing architecture that integrates environmental
sensors, embedded processing, long-range wireless
communication, and backend data management into a
single deployable framework for precision agriculture.
Rather than focusing only on an individual sensing
device, the proposed system demonstrates how
sensing, communication, and data handling can work
together in a practical field-oriented environment.

Second, the study introduces a lightweight device-
level algorithm designed for low-cost and resource-
constrained sensing nodes. The algorithm manages
sequential data acquisition, basic validation of sensor
readings, compact payload construction, and duty-cycled
transmission. This design helps reduce unnecessary
communication activity while maintaining reliable data
reporting for long-term monitoring.

Third, the system is evaluated under representative
agricultural conditions, covering sensing accuracy,
repeatability, short-term sensor drift, packet delivery
performance, transmission latency, and node uptime.
These evaluations provide practical evidence of the
system’s behavior outside a purely laboratory setting.

Fourth, the study analyzes the trade-off between
energy consumption and communication reliability. The
results demonstrate that duty-cycled operation can
substantially reduce energy usage while maintaining an
acceptable level of packet delivery and latency for non-
real-time agricultural monitoring.

Fifth, the study examines scalability by considering the
effects of communication distance and increasing node
density on packet delivery ratio and latency. This analysis
supports the potential use of the proposed system in larger
agricultural areas where multiple sensing nodes are
required.

Comprehensive experimental evaluations conducted
under simulated and representative field conditions assess
sensing  accuracy, repeatability, drift behavior,
communication robustness, energy consumption trade-
offs, and scalability. By emphasizing deployability,
robustness, and long-term operation, this work aims to
provide a practical precision agriculture monitoring
solution  aligned with  Thailand’s  agricultural
modernization and sustainability goals.

1.1 Comparison with Related Work

To clarify the distinction between the proposed system
and previous LoRa-based IoT studies, Table 1 compares
selected related works in terms of application focus,
communication technology, field validation, energy-aware
design, scalability analysis, and system-level integration.
The comparison focuses on studies that are closely related
to LoRa-based agricultural or environmental monitoring.

Table 1. Comparison of the proposed system with related LoRa-based IoT studies

Study Application | Communication Field Energy-aware | Scalability Main difference
focus technology validation design analysis from this study
Singh et Precision . - Mainly emphasizes LoRaWAN
al. [4] agriculture LoRaWAN Yes Partial Limited feasibility for agricultural monitoring
Valente Smart Focuses on vineyard-specific
ctal. [5] agriculture for LoRaWAN Yes Partial Limited deployment and environmental
) vineyards monitoring
Ahmed Remote Focuses on farm-scale remote
et al. [8] monitoring of | LoRa-based [oT Yes Partial Limited monitoring through LoRa
) large farms connectivity
Krizanov Environmental Strong focus on energy-efficient LoRa
i¢ et al. - LoRa WSN Yes Yes Partial communication, with less emphasis
monitoring . . .
[9] on agricultural system integration
Tine et Small farm Focuses on LoRa performance
& LoRa-based IoT Yes Partial Limited optimization for small farm
al. [14] | IoT systems
deployment
Larce-scale Provides broader LPWAN technology
Mekki et & LPWAN . comparison rather than an
IoT . No Comparative No . . .
al. [16] technologies implemented agriculture monitoring
deployment
system
Integrates sensing, LoRa
Proposed Precision LoRaWAN- commumcaﬁon, backend da@
system agriculture based uplink Yes Yes Yes handling, energy-aware operation,
Y field evaluation, and scalability
analysis in one deployable framework|

As shown in Table 1, previous studies have
demonstrated the usefulness of LoRa and LoRaWAN for
agricultural and environmental monitoring. However,
many studies emphasize communication feasibility,
specific application deployment, or energy-efficient

networking as separate aspects. In contrast, the proposed
system combines low-cost multi-parameter sensing,
compact payload construction, LoRaWAN-based uplink
transmission, backend visualization, energy-aware
operation, field evaluation, and scalability analysis within
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a single practical framework. This system-level integration
represents the main distinction of the present work.

2. Proposed Methodology

Figure 1 illustrates the overall architecture and
data flow of the proposed IoT-based precision
agriculture system, which is structured into three
logical layers. Input, Process, and Output. The figure
emphasizes the transformation of raw environmental
data collected at the field level into meaningful
information presented through a centralized
dashboard.

Input Process output
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Figure 1 IoT System Architecture for Field-Level
Environmental Data

2.1 Proposed System Architecture

This paper presents a scalable IoT-based
environmental monitoring architecture for precision
agriculture, designed for resource-limited and large-
area deployments. The system adopts a modular,
layered design separating sensing, communication,
and application services. Distributed sensing nodes
collect environmental data and transmit compact
payloads via LoRa-based long-range, low-power
communication to a gateway and LoRaWAN-
compliant backend. Decoded data are stored as time-
series records and visualized through a dashboard
interface. By integrating hardware and device-level
software into a unified framework, the proposed
architecture =~ emphasizes  energy  efficiency,
communication robustness, and scalability for long-
term agricultural monitoring.

2.2 Hardware Development

The proposed IoT sensing system integrates
multiple hardware components into a modular sensing
node for precision agriculture. All sensors are powered
through the microcontroller’s regulated outputs,
enabling centralized power management and stable
operation. Combined with a  LoRa-based
communication subsystem, gateway, and backend
infrastructure, the hardware architecture supports
multi-parameter monitoring, long-range transmission,
and scalable data integration for outdoor agricultural
deployment.

Figure 2 shows the experimental hardware setup
of the proposed IoT sensing node, consisting of an
Arduino MEGA 2560, a solderless breadboard for
flexible  prototyping, and an  embedded
communication module for long-range wireless

transmission. The modular configuration supports
systematic testing prior to final hardware integration.

Figure 2. Experimental hardware setup of the proposed
IoT sensing node, showing the integration of the
microcontroller, prototyping interface, and wireless
communication module.

Figure 3 Integrated hardware architecture and
detailed circuit design of the proposed IoT-based
environmental sensing system for precision
agriculture. The upper section illustrates the system-
level hardware architecture, where multiple
environmental sensors, including temperature—
humidity, atmospheric pressure, gas, and GPS
modules, are interfaced with an Arduino Mega 2560
microcontroller. The collected data are transmitted via
a LoRa communication node to a LoRa gateway,
which forwards the data to the cloud backend through
a Raspberry Pi—based internet gateway. The lower
section presents the detailed circuit-level connections,
showing sensor interfacing, power supply
configurations, UART-based LoRa communication,
and gateway connectivity. This integrated design
highlights the modular, scalable, and energy-efficient
structure of the proposed sensing system, enabling
reliable long-range environmental monitoring in
agricultural deployments.

Figure 3. Integrated Hardware Architecture and Circuit
Design of the IoT-Based Environmental Sensing System.

2.3 Hardware Specification

To clearly justify the selection of hardware
components and support reproducibility, the
specifications of the sensing node are summarized in
Table 2.
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Table 2. Hardware specifications of the proposed IoT sensing system

Component Model Function Measurement Interface Typical
Range Power
Temperature & Ambient temperature and —40-80 °C, 0— Digital
Humidity Sensor | 21122 humidity 100% RH (Single-wire) |~2° ™A
Pressure Sensor 1(3(1;/& ézg) Atmospheric pressure 300-1100 hPa I°)C <5upA
Combustible gas and smoke LPG, CHa4, Ha, _
Gas Sensor MQ-2 detection Smoke Analog (ADC) |~150 mA
GY- . . e
GPS Module GPS6MV?2 Geolocation tracking Global positioning UART ~45 mA
. Arduino Mega Data acquisition and UART, PPC, | _
Microcontroller 2560 processing - ADC 70 mA
LoRa Node RAKSI11 Long-range communication 868/915 MHz UART 1(;}30
LoRa Gateway RAKS31 Multi-node data aggregation - SPI -
Internet Gateway | Raspberry Pi 3 Cloud connectivity - Ethernet/Wi-Fi |~400 mA

Table 2 summarizes the hardware components of the
proposed IoT sensing system, including sensors for
temperature and humidity (DHT22), atmospheric pressure
(BMP180), gas detection (MQ-2), and node localization
(GY-GPS6MV2). An Arduino Mega 2560 manages
sensor acquisition and communication, while a RAK811
LoRa node enables long-range data transmission. At the
network level, a RAK831 LoRa gateway aggregates data
from multiple nodes, and a Raspberry Pi 3 provides
internet connectivity to the backend. The system follows a
hierarchical data flow that separates sensing,
communication, and backend processing. Environmental

data are collected and formatted at the device level,
transmitted via LoRa to the gateway, and forwarded to a
cloud backend for storage and analysis. Energy efficiency
is achieved through periodic sensing, duty-cycled
transmission, and low-power idle states. Hardware
constraints directly inform the deterministic device-level
algorithm, ensuring scalable, reliable, and energy-efficient
operation for precision agriculture deployments

The functional role and practical relevance of the
sensors and communication modules employed in the
proposed system are summarized in Table 3.

Table 3. Functional role of sensors in the proposed precision agriculture system

Sensor / Module |Functional role Practical relevance in precision agriculture
Measures ambient temperature | Supports microclimate monitoring, crop stress observation, and
DHT22 ) o R )
and relative humidity irrigation planning
Measures atmospheric Provides supporting environmental context for short-term
BMP180 L " .
pressure weather variation and field condition monitoring
. Used as a qualitative indicator of abnormal gas or smoke-related
Detects relative gas or smoke .
MQ-2 events near farm equipment, storage areas, or controlled
response . .
agricultural environments
GPS GY-GPS6MV?2 | Provides node location Supports spatial taggmg of field data and location-based
environmental monitoring
RAKS11 LoRa node | Transmits sensor payloads Enables long-range, low-power uplink communication from
field nodes
RAKS31 gateway Receives data from sensing Supports multi-node data aggregation and forwarding to the
nodes backend system

The MQ-2 sensor was included as a qualitative
abnormal-condition indicator rather than as a laboratory-
grade gas concentration sensor. In agricultural settings,
such a sensor can support early indication of smoke, gas
leakage, or abnormal air-quality conditions near
equipment storage, greenhouse areas, or field operation
zones. Its role in the proposed system is therefore to
provide a low-cost warning signal that complements
temperature, humidity, pressure, and location data.

2.4 Algorithm Development

The proposed device-level operational algorithm is

designed for reliable environmental sensing and energy-

efficient LoRa-based transmission under resource-
constrained conditions. The algorithm operates in a
deterministic cyclic manner, consisting of system
initialization, sequential sensing, data validation, compact
payload construction, and periodic wireless transmission.
To reduce energy consumption, sensing and transmission
are performed only at predefined intervals, after which the
node transitions into a low-power idle state. Backend
processing is decoupled from device operation, allowing
the sensing node to remain lightweight while supporting
scalable data handling. The behavior of this cyclic
sensing—transmission—sleep process, including sensing
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intervals, payload generation, and energy consumption evalid _ {xk, X, €N 5)
characteristics, can be formally described using k 0, otherwise

mathematical expressions, as presented in the following
section.

2.4.1 Cyclic Operation of the Sensing Node

The proposed [oT sensing node operates in a cyclic
manner with a fixed operating period T, as defined in

Eq. (1).
Te = Tinit + Tsense + Tproc + Ty + Tsleep (1

where
Tinie denotes the system initialization time,
Tsense is the sensing duration,
Tyroc represents local data processing and
payload construction time,
T,  isthe wireless transmission time, and
Tsieep is the low-power idle period.

2.4.2 System Initialization
The initial system state is represented in Eq. (2).

So = {H,5,C} @)
where

H denotes the hardware components
(microcontroller, memory, power unit),

S = {s4,S,, ..., Sp} represents the set of
sensor modules, and

C corresponds to the LoRa communication
parameters (frequency, spreading factor,
bandwidth).

The system initialization process is expressed in Eq. (3).
Sready = finit (50) (3)

which prepares the sensing node for normal
operation.

2.4.3 Environmental Data Acquisition

At sensing cycle k, the environmental observation
vector is defined in Eq. (4).

% =| Py (4)

T is the ambient temperature,

H,  istherelative humidity,

Py is the atmospheric pressure,

G,  represents gas concentration, and

Ly = (laty, lon;) denotes the geographical

location.

2.4.4 Data Validation and Noise Rejection

To ensure measurement reliability, the acquired
data are validated according to Eq. (5).

where () defines the admissible operating range of
each sensor.

2.4.5 Local Buffering
Validated sensor readings are temporarily stored in
local memory as described in Eq. (6).

Bk — {x}éalid} (6)

This buffering step supports robust packet
formation under intermittent connectivity.

2.4.6 Payload Construction

A compact payload optimized for low-power wide-
area communication is generated as defined in Eq. (7).

Pk = fenc(By) (7N

The payload construction is subject to the size
constraint specified in Eq. (8).

| Pk IS Pmax (8)

where f,,.(-)denotes the encoding and formatting
function and P, is the maximum allowable payload size.

To make the payload construction process
reproducible, the uplink packet was organized using a
compact field structure. Each packet contained the node
identifier, timestamp, packet sequence number, validated
sensor readings, GPS location, and status flag. The packet
format used in this study was defined as follows: Packet =
<NodelD, Timestamp, SeqNo, T, H, P, G, Lat, Lon,
StatusFlag> where NodelD represents the sensing node
identifier, Timestamp records the data acquisition time,
SeqNo is the packet sequence number, T is the temperature
value, H is the relative humidity value, P is the atmospheric
pressure value, G is the MQ-2 gas sensor output, and Lat
and Lon represent the GPS coordinates. The StatusFlag
field was used to indicate the condition of the packet, such
as normal data, invalid sensor reading, or abnormal gas
response.

The payload was kept compact in order to reduce
LoRa transmission overhead and energy consumption.
Only essential monitoring data were included in each
uplink packet, while additional processing and
visualization were handled at the backend. This design is
consistent with the resource-constrained nature of low-
cost IoT sensing nodes and supports reliable periodic
transmission in open-field agricultural environments.

The decision rules for packet construction were
defined as follows. If all sensor readings were within their
admissible operating ranges, the packet was marked as
NORMAL. If one or more sensor readings were outside
the admissible range, the affected value was marked as
invalid and the packet status was set to INVALID. If the
MQ-2 output exceeded the predefined abnormal-response
threshold, the StatusFlag was set to ABNORMAL GAS.
After the payload was constructed, the packet was
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transmitted through the LoRaWAN uplink according to
the configured transmission interval. If the gateway
received the packet, the transmission was recorded as
successful. Otherwise, the packet was counted as a
transmission loss for PDR calculation. No automatic
retransmission was applied in order to reduce
communication overhead and energy consumption.

2.4.7 LoRa-Based Wireless Transmission
The uplink LoRa frame at cycle kis defined in Eq. (9).

Fr = (P, ©) 9

The transmission outcome is represented in Eq. (10).

1)
6]( = {0

2.4.8 Energy Consumption Model
The total energy consumed per operating cycle is
expressed in Eq. (11)

successful transmission
transmission failure

(10)

Ek = Esense + Eproc + Etx + Esleep (1 1)

The dominance of wireless transmission energy
consumption is described in Eq. (12).
Etx >> ESETI.SE‘EPT'OC (12)

the algorithm minimizes transmission frequency
and maximizes Tyeep to extend node lifetime.

2.4.9 Backend Decoding and Data Storage
At the backend, received payloads are decoded as
shown in Eq. (13).

Xk = faec (i) (13)

The decoded information is stored as time-series
data according to Eq. (14).

D={@Rpt) | k=123 (14)

This separation between device-level sensing and
server-side processing enables scalable system
deployment.

2.4.10Algorithm Characteristics

The overall properties of the proposed algorithm
are summarized in Eq. (15).

A = {Deterministic,Energy (15)
-efficient,Robust,Scalable}

The mathematical formulation demonstrates that the
proposed device-level algorithm achieves deterministic
environmental sensing, efficient payload construction, and
energy-aware LoRa communication, while maintaining
scalability through centralized backend processing,
making it suitable for industrial-grade precision agriculture
monitoring systems.

To make the operational procedure of the proposed

sensing node more explicit, the complete device-level
workflow is summarized in Algorithm 1. The algorithm
brings together the main steps described in the previous
subsections, including sensor initialization, data
acquisition, validation, payload construction, LoORaWAN
transmission, and low-power idle operation. This
summary is intended to support reproducibility and clarify
how the proposed sensing node operates during each
monitoring cycle.

Algorithm 1 Device-Level Sensing, Validation, and
LoRaWAN Transmission Process
Input: Sensor set S, sampling interval Ts, transmission
interval Ttx, LoRa configuration C
Output: Validated payload and transmission status
1: Initialize microcontroller, sensors, memory buffer,
and LoRa module
2: Set Ts, Ttx, and LoRa communication parameters
3: while the sensing node is active do
4:  Acquire temperature, humidity, pressure, gas
output, and GPS location
5:  Validate sensor readings against predefined
admissible ranges
6:  Assign StatusFlag as NORMAL, INVALID, or
ABNORMAL GAS
7:  Construct compact payload:
8: Packet = <NodelD, Timestamp, SeqNo, T, H,
P, G, Lat, Lon, StatusFlag>
9: if Ttx is reached then
10: Transmit packet through LoRaWAN uplink

11: Record transmission status from gateway
reception log
12:  endif
13:  Enter low-power idle state until the next sensing
cycle

14: end while

2.4.11Practical Interpretation of the Algorithm

The mathematical formulation of the proposed
algorithm was used to guide practical design decisions in
the sensing node. The operating-cycle equation in Eq. (1)
defines how the total cycle time is distributed among
initialization, sensing, processing, transmission, and sleep
periods. This relationship is important because increasing
the sleep duration while keeping the sensing and
transmission intervals fixed can reduce unnecessary
energy consumption without changing the basic
monitoring function.

The payload constraint in Eq. (8) was used to keep
each LoRaWAN uplink packet compact. By limiting the
payload to essential sensor readings, node information,
location data, and status flags, the proposed algorithm
reduces transmission overhead and helps maintain lower
latency and energy consumption. This is particularly
important for LoRa-based systems, where transmission
time and packet size directly affect power usage and
channel occupancy.

The transmission outcome variable in Eq. (9) provides
abasis for calculating Packet Delivery Ratio (PDR), which
was used to evaluate communication reliability under
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different distances and node densities. In addition, the
energy model in Eq. (11) and Eq. (12) shows why reducing
transmission frequency is an effective strategy for
extending node lifetime, since LoRa transmission
consumes more energy than sensing and local processing.

Therefore, the proposed algorithm is not only a
procedural description of sensing and transmission steps,
but also a design tool for balancing sensing reliability,
communication delay, energy consumption, and
scalability in practical agricultural deployment.

3. Experimental Results

3.1 Experimental Setup and Performance Metrics
This section describes the experimental setup and

evaluation criteria used to assess the proposed IoT-based

Table 4. Experimental setup parameters

environmental sensing system. The experiments were
conducted using the complete system architecture,
including the sensing node, LoRa gateway, and cloud-
based backend, under representative outdoor agricultural
conditions. The sensing node was installed in an open-field
environment, while the LoRa gateway was placed at an
elevated position to improve line-of-sight communication
and reduce signal obstruction.

To improve reproducibility, the main experimental
parameters are summarized in Table 4. The field
evaluation used one prototype sensing node for sensor
accuracy, communication-distance, and long-term stability
tests. Additional node configurations were considered in
the scalability analysis to observe the effects of increasing
node density on packet delivery and latency.

Parameter

Description |

Deployment environment | Open-field agricultural area with limited physical obstacles

Number of sensing nodes

1 prototype node for field evaluation; 1050 nodes considered for scalability analysis

Microcontroller platform | Arduino Mega 2560

Communication protocol

LoRaWAN-based uplink communication

LoRa node module RAKS11

Gateway platform

RAKS831 LoRa gateway with Raspberry Pi 3

Node—gateway distance [ 100—1000 m

Sensor sampling interval |5 min

Data transmission interval | 10 min

Measured parameters -
location

Temperature, relative humidity, atmospheric pressure, gas sensor output, and GPS

Backend system

Cloud-based data storage and dashboard visualization

Reference
instruments/data

Calibrated digital thermo-hygrometer, nearby meteorological station, GPS/map
reference, and gateway reception logs

Test duration

14 days for long-term stability and uptime evaluation

Main performance
metrics

Packet Delivery Ratio (PDR), transmission latency, node uptime, sensor deviation,
repeatability, drift, and energy consumption

As shown in Table 4, the experimental parameters
were specified to avoid ambiguity in the evaluation
process. The sensing node was configured to collect
environmental data every 5 min and transmit the prepared
payload every 10 min through the LoRaWAN-based
uplink. Communication performance was evaluated across
node—gateway distances from 100 to 1000 m, which
reflects a practical range for open-field agricultural
monitoring. The 14-day evaluation period was used to
observe packet delivery, node uptime, and short-term
operational stability. These settings were kept consistent

Table 5. LoRa/LoRaWAN communication configuration

during the field tests so that the effects of distance,
transmission interval, and node density could be
interpreted more clearly.

Because LoRa/LoRaWAN communication settings
directly affect transmission delay, Packet Delivery Ratio
(PDR), and energy consumption, the communication
parameters used in the experiments are summarized in
Table 5. These settings were kept constant during the field
evaluation, except for the node—gateway distance and the
number of sensing nodes considered in the scalability
analysis.

Parameter Configuration used in this study
LoRa node module RAKSI11
LoRa gateway RAKS31 LoRa gateway with Raspberry Pi 3
Communication mode LoRaWAN-based uplink transmission

Frequency band 920-925 MHz ISM band
Spreading factor SF7

Bandwidth 125 kHz

Coding rate 4/5
Transmit power 14 dBm

Payload size Approximately 32—64 bytes per uplink packet
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Table 5. LoRa/LoRaWAN communication configuration (cont.)

Parameter Configuration used in this study
Transmission interval 10 min
Sensor sampling interval 5 min
Acknowledgement mode Unconfirmed uplink
Retry policy No automatic retransmission; failed transmissions were recorded as packet loss
Gateway placement Elevated position in an open-field environment
Data logging source Gateway reception logs and backend time-series records

3.2 Data Sources of Reported Results

To clarify the interpretation of the reported results, the
source of each figure is identified before presenting the
performance analysis. The evaluation in this study
combines field measurements, simulation-based results,
and analytical estimates. Field measurements were used
for results that could be directly observed from the
implemented prototype, gateway logs, and continuous
operation records. Simulation-based results were used only
to examine controlled scenarios that were difficult to
reproduce consistently in the field, such as typical
environmental trends, abnormal gas-response behavior,
interference conditions, and scalability under different

Table 6. Data sources of reported figures

node densities. Analytical estimates were used for energy-
related results because energy consumption depends on the
operating states of the sensing node, including sensing,
processing, transmission, and sleep periods.

The simulated and estimated results were therefore not
used as substitutes for field validation. Instead, they were
included to support the interpretation of the measured
results and to provide a clearer view of how the proposed
system may behave under different operating conditions.

To clarify the origin and purpose of the reported
results, the data sources associated with each figure
are summarized in Table 6.

Figure Result type Data source Purpose of analysis
Figure 4 | Ficld observation Prototype mstall.atlon and dashboard | To show the 1mplergen§ed sensing node
display and monitoring interface
. . LoRaWAN join request delay measured |  To evaluate the effect of distance on
Figure 5 | Field measurement . . s
at different node—gateway distances network joining delay
. To examine the relationship between
. . Transmission delay measured across L .
Figure 6 | Field measurement communication distance and transmission
100-1000 m
delay
Simulated 24-hour environmental trend To illustrate expected temperature,
Figure 7 Simulation based on the sampling interval in Table | humidity, and pressure patterns under
4 controlled temporal conditions
. . . Simulated MQ-2 response under normal | To illustrate the response of the validation
Figure 8 Simulation . .
and abnormal gas exposure conditions logic to abnormal gas sensor output
Ficure 9 | Field measurement Gateway reception logs collected at To calculate Packet Delivery Ratio
g different node—gateway distances (PDR) as distance increases
Gateway timestamp records collected o
. . Y o To evaluate transmission latency under
Figure 10 | Field measurement | during distance-based communication . ..
tosts open-field communication conditions
Figure 11 | Field measurement Fourteen-day transmitted and received To assess long—te@ packet delivery
packet logs stability
Figure 12 | Field measurement | Fourteen-day node operation records To evalua'te node uptlmg during
continuous operation
Energy model based on sensing, S .
Figure 13 | Analytical estimate |  processing, transmission, and sleep To 1@ent1fy the. dominant enerey-
stafes consuming phase in one operating cycle
Fioure 14 Simulation Controlled baseline and interference To examine the expected effect of
g scenarios interference on PDR at different distances
Figure 15 Simulation Scalability scenario \ylth increasing To evaluate ho.w node density affects
numbers of sensing nodes packet delivery performance
Figure 16 Simulation Scalability scenario \ylth increasing To evaluate hoW qode density affects
numbers of sensing nodes transmission latency
Daily energy calculation under duty- To compare encrey consumption
Figure 17 | Analytical estimate | cycled and continuous transmission P &y p
modes between operating strategies
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Table 6. Data sources of reported figures (cont.)

Figure Result type Data source Purpose of analysis
‘ Analytical estimate | PDR comparison under du.ty—.cycled To examine the energy-reliability
Figure 18 | supported by measured and continuous transmission
. trade-off
PDR records assumptions
3.2.1 Simulation Methodology
The simulation-based results were generated to E; =V XI Xt (16)

examine operating conditions that were difficult to
reproduce repeatedly and consistently during field
deployment. The simulations were not used to replace
field measurements, but to support the interpretation
of sensor behavior, communication robustness, and
scalability under controlled assumptions.

For the environmental trend simulation in Figure 7,
the 24-hour temperature and humidity patterns were
modeled using a typical diurnal variation observed in
outdoor agricultural environments. Temperature was
assumed to gradually increase during daytime and
decrease during nighttime, while relative humidity
was modeled with an inverse tendency. Atmospheric
pressure was assumed to remain comparatively stable
within the short observation period. The sampling
interval followed the experimental setting in Table 4.

For the gas response simulation in Figure 8, the
MQ-2 output was represented using a baseline ADC
range for normal operation and a sudden increase to
represent an abnormal gas-response event. This
simulation was intended to test the validation logic and
status-flag assignment rather than to estimate absolute
gas concentration.

For the interference and scalability simulations in
Figures 1416, the scenarios were constructed by varying
communication distance, interference condition, and node
density. The purpose was to observe expected changes in
Packet Delivery Ratio (PDR) and latency when network
load increases. The LoRa/LoRaWAN parameters in
Table 5 were kept constant, while the number of nodes and
distance were varied according to the corresponding
experimental scenario.

Overall, the simulation methodology was designed
to provide controlled and repeatable scenarios that
complement the field measurements. The simulated
results should therefore be interpreted as supporting
analyses for system behavior, not as direct substitutes
for real-field observations.

3.3 Energy Consumption Estimation Method

Energy consumption was estimated based on the
operating states of the sensing node rather than direct full-
day battery discharge measurement. The estimation
considered four main operating states: sensing, local
processing, LoRa transmission, and low-power sleep.
These states correspond to the operating cycle described in
the proposed device-level algorithm.

For each operating state, the energy consumption
was calculated from the supply voltage, the typical
current consumption of the active components, and the
duration of that state. The energy for each state was
estimated using Eq. (16).

where E; is the energy consumption of operating state i, V
is the supply voltage, I; is the current consumption during
that state, and t; is the duration of the state. The total energy
consumption per operating cycle was then obtained by
summing the energy of all operating states as shown in Eq.

17).
E.ycle = Esense + Eyroc + Exx + Egleep  (17)

The current values were obtained from the
hardware specifications of the selected modules and
component datasheets, while the operating durations
were based on the configured sensing interval,
transmission interval, and observed transmission
behavior during the field tests. The estimation was
repeated across operating cycles using the same
sensing and transmission schedule, and the average
value was used to represent the energy profile of one
operating cycle.

Figure 13 therefore represents the estimated
energy distribution per operating cycle. It was used to
identify which operating state contributed most to
energy consumption. Figure 17 represents an
analytical comparison of estimated daily energy
consumption between duty-cycled and continuous
transmission modes. These energy results should
therefore be interpreted as model-based estimates
supported by the actual system configuration, rather
than direct battery discharge measurements.

3.4 Performance Metrics and Evaluation

System performance was evaluated in terms of
sensing reliability, communication efficiency, and
operational robustness using metrics including data
consistency, Packet Delivery Ratio (PDR),
transmission  latency, and system uptime.
Experimental data were collected according to a
predefined schedule and analyzed offline using time-
series records logged at the gateway. The evaluation
focused on practical feasibility under realistic
agricultural deployment conditions rather than
laboratory-grade benchmarking. The results confirm
successful integration of environmental sensors,
embedded processing, LoRa-based communication,
and dashboard visualization. Overall, the proposed
system operates reliably in open-field environments,
provides acceptable sensing accuracy for precision
agriculture, and supports data-driven field
management through low-power, long-range wireless
communication.



10 of 16

Eng. & Technol. Horiz., vol. 43, no. 2, 2026, Art. no. 430208

NN

7000
6090

6000

6000 T Eg et

5000
4000
3000

2000

Join Request Delay (ms)

0
0O 100 200 300 400 500 600 800 1000

Distance (m)

Figure 5. Impact of communication distance on
LoRaWAN join request delay.

Figure 5 shows that join request delay increases
with communication distance in the LoRa network,
reflecting signal degradation and retransmissions at
longer ranges. The results highlight the importance of
proper gateway placement for efficient open-field
precision agriculture deployment.
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Figure 6. Data transmission delay as a function of
communication distance in the LoRa network.

Figure 6 illustrates that transmission delay increases
with node—gateway distance due to signal attenuation in
long-range LoRa communication. Experimental results
over 100-1000 m confirm the impact of distance on join
and transmission performance, while sensing accuracy
remains within acceptable ranges compared with reference

~ | ) 4

Figure 4. loT-based prototype for environmental monitoring in open-ﬁeld agn'culﬁl.ral environments

meteorological data, demonstrating the reliability of the
proposed system for precision agriculture.

Simulated Environmental Sensor Trends
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Figure 7. Simulated Environmental Sensor Trends Over
Time

Figure 7 presents a simulated 24-hour pattern of
temperature, relative humidity, and atmospheric
pressure. The simulation was used to illustrate the
expected behavior of the sensing and validation
process under controlled temporal conditions.
Temperature was modeled to follow a typical diurnal
trend, humidity was represented with an inverse
pattern, and pressure was assumed to remain relatively
stable. This figure is intended to support the
explanation of the algorithmic workflow rather than to
serve as direct field measurement evidence.

Simulated Gas Sensor Response
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Figure 8. Simulated Gas Sensor Response Under
Normal and Abnormal Conditions
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Figure 8 presents a simulated MQ-2 gas sensor
response under normal and abnormal conditions. The
baseline region represents normal operation, while the
sudden increase represents an abnormal exposure
scenario. This simulation was included to demonstrate
how the validation logic responds to a clear change in
gas sensor output. Since the MQ-2 sensor is mainly
suitable for qualitative gas detection, the simulated
response is used only to illustrate detection behavior
rather than to report absolute gas concentration.

Packet Delivery Ratio vs Distance
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Figure 9. Packet Delivery Ratio as a Function of
Node-Gateway Distance

Figure 9 Packet Delivery Ratio (PDR) of the
LoRa-based communication subsystem as a function
of the distance between the sensing node and the
gateway.
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Figure 10. Transmission Latency Versus
Communication Distance

Figure 10 shows that average transmission latency
increases gradually with communication distance,
reflecting the characteristics of long-range, low-power
wireless links. Despite this trend, latency remains
within  acceptable limits for environmental
monitoring, confirming that the periodic transmission
strategy effectively balances reliability and energy
efficiency. Overall, the experimental results confirm
that the proposed IoT sensing system provides stable
environmental sensing and robust LoRa-based
communication, validating the hardware architecture
and device-level algorithm for practical precision
agriculture deployment.

Long-Term Stability: Transmitted vs Received Packets (14 Days)
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Figure 11. Long-Term Stability: Transmitted vs
Received Packets (14 Days)

Figure 11 shows that the number of packets
successfully received closely follows the number of
packets transmitted on a daily basis, with only minor
packet losses observed. Such losses are consistent with
typical LoRa network behavior under real-field
conditions. The results indicate that the periodic
uplink and buffering strategy effectively preserves
data continuity, ensuring reliable data delivery despite
occasional transmission loss.

Long-Term Stability: Node Uptime (14 Days)
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Figure 12. Long-Term Stability: Node Uptime (14 Days)

Figure 12 demonstrates the high operational
stability of the sensing node during continuous
deployment, with consistently high uptime observed
throughout the evaluation period. This result confirms
that  the cyclic sensing—transmission—sleep
architecture effectively supports sustained operation
while  avoiding  excessive  processing  and
communication overhead, enabling reliable long-term
system performance.
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Figure 13. Energy Profile per Operating Cycle
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Figure 13 shows the estimated energy distribution Scalability: Latency vs Number of Nodes
for one operating cycle of the sensing node. The 1
estimation was calculated using the operating-state
energy model described in Section 3.3, covering
sensing, processing, LoRa transmission, and sleep
states. The result indicates that the transmission phase
is the dominant source of energy consumption,
supporting the use of duty-cycled transmission in the
proposed algorithm.
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Figure 16. Scalability: Latency vs Number of Nodes
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Figure 16 shows that transmission latency increases
with the number of deployed nodes, reflecting channel
sharing effects in multi-device LoRa networks. Despite
this increase, the observed latency remains acceptable for
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8 non-real-time agricultural monitoring. The result aligns
86 with the system design emphasis on energy efficiency
o rather than low latency, confirming the suitability of the
250 w0 600 550 1000 proposed approach for long-term, low-power agricultural

prtance (m deployments.

Figure 14. Communication Robustness: PDR vs
Distance (Baseliﬂe \'A) ]_nterference) Comparison: Estimated Daily Energy Consumption

Figure 14 shows that the Packet Delivery Ratio
(PDR) decreases under interference conditions,
particularly at longer communication distances. This
behavior reflects realistic agricultural environments
where obstacles and intermittent interference are
present. The results confirm the suitability of LoRa for
long-range deployment while emphasizing the
importance of appropriate gateway placement and
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parameter configuration to ensure communication strateay

robustness. Figure 17. Comparison: Estimated Daily Energy
Consumption (Duty-cycled vs Continuous)

Scalability: PDR vs Number of Nodes

] Figure 17 compares the estimated daily energy

consumption between duty-cycled and continuous
transmission modes. The values were obtained from
the operating-cycle energy model described in Section
3.3 rather than from direct full-day battery discharge
measurement. This comparison was included to show
the expected energy benefit of reducing transmission
activity while keeping the sensing interval fixed.
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Figure 15. Scalability: PDR vs Number of Nodes o0
Figure 15 illustrates a gradual reduction in Packet &1
Delivery Ratio (PDR) as the number of deployed
sensing nodes increases, mainly due to increased
traffic load and packet collisions inherent to LPWAN
systems. Despite this trend, the system maintains a
PDR level sufficient for monitoring applications,

demonstrating the scalability of the proposed gateway- T ey

centric architecture. Figure 18. Comparison: Communication Reliability
(PDR)

Packet Delivery Ratio (%)

20 4




Eng. & Technol. Horiz., vol. 43, no. 2, 2026, Art. no. 430208

13 of 16

Figure 18 shows that the Packet Delivery Ratio
(PDR) achieved under duty-cycled operation remains
comparable to that of continuous transmission. This
indicates that substantial energy savings can be
achieved  without  severe  degradation in
communication reliability, validating the proposed
energy—reliability trade-off strategy.

Table 7 summarizes the practical accuracy and
operational performance of the sensors integrated into
the proposed IoT system. All sensing devices operate
within acceptable accuracy ranges for precision
agriculture applications, with observed deviations
consistent with manufacturer specifications. The
temperature, humidity, and pressure sensors provide
stable measurements suitable for long-term trend
analysis, while the gas sensor reliably distinguishes
between baseline and abnormal conditions. GPS
accuracy supports effective spatial localization, and
communication reliability together with high system
uptime confirms the robustness of the integrated

hardware—algorithm  design  under  realistic
deployment conditions. Sensor repeatability and
short-term stability were evaluated through repeated
measurements  under  approximately  constant
environmental conditions. Multiple consecutive
samples were recorded for each sensor, and statistical
indicators were used to assess measurement
consistency.

The results in Table 8 show low variability in
repeated measurements for temperature, humidity, and
atmospheric pressure sensors, indicating good
measurement stability. The MQ-2 gas sensor exhibits
higher variability, which is expected due to its analog
characteristics and sensitivity to environmental
conditions. Overall, the observed repeatability
confirms that the sensing devices provide stable
performance suitable for continuous environmental
monitoring. Short-term sensor drift was evaluated by
monitoring sensor outputs over extended operation
without recalibration to assess temporal consistency.

Table 7. Practical Accuracy Evaluation of Sensing Devices Used in the Proposed IoT System

Measured Reference Observed Average
Sensor / Device Measurement | Deviation / Remarks
Parameter Source
Range Error
Within manufacturer
Temperatur Calibrated specification; suitable
DHT22 ¢ (1?%) © | digital thermo- | 24.8-35.6°C | +1.0-1.5°C for trend-based
hygrometer environmental
monitoring
Relative Calibrated St:tzlaedreig:;gitsiggger
DHT22 Humidity digital thermo- | 55-85%RH | <+1.0 %RH Y ’
(%RH) hygrometer acceptable for
agricultural use
Minor deviation due to
BMP180 Atmospheric Nearby +0.1-0.7 altitude and
meteorological | 1008 — 1016 hPa ) ’ . .
(GY-68) Pressure (hPa) . hPa microclimate
weather station .
differences
Gas presence / | Controlled gas Baseline: 90— Not Effective for gas
MQ-2 pres g 110 (ADC units) | applicable | presence detection; not
relative exposure (LPG ] o .
Gas Sensor concentration roximity) Exposure: 250— | (qualitative | intended for absolute
P Y 350 (ADC units) sensor) concentration
GPS GY- Geographic Onhnp mapping Stal?le Acguracy spfﬁment for
. service (open- coordinate +2 -3 m |spatial tagging and node
GPS6MV2 position . S,
sky reference) output localization
LoRa Gatewa Packet loss | Reliable for non-real-
Communication | Packet delivery reception l}; s PDR:90-99 % | <10 % at time agricultural
(RAKSI11) p & long range monitoring
Entire Sensing System upfime Continuous 14 days >99.3% No critical failures or
Node y p operation log continuous uptime forced resets observed
Table 8. Repeatability and short-term stability of sensing devices
Sensor Parameter Number of Mean Value Standard Cocfficient of
Samples Deviation | Variation (CV)
DHT22 Temperature (°C) 20 30.2 0.42 1.39%
DHT22 Humidity (%RH) 20 68.5 0.78 1.14%
BMP180 Pressure (hPa) 20 1012.6 0.18 0.018%
MQ-2 Gas output (ADC) 20 102 4.6 4.51%
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Table 9 shows that sensor drift remained within
acceptable limits during continuous operation. The
observed drift does not significantly affect trend-based
analysis, which is the primary objective of the
proposed precision agriculture monitoring system.

Table 9. Observed sensor drift over continuous operation

Sensor Parameter Observation | Maximum
Period Drift

DHT22 | Temperature | 24 hours <+0.6 °C

. g <

DHT22 | Humidity 24 hours +12 %RH

BMP180 Pressure 24 hours <+0.4 hPa

MQ-2 | Gasbaseline | 24 hours <£6 ADC
units

3.4.1 Effect of Lightweight Calibration

A simple offset-based calibration was applied to
temperature and pressure sensors to evaluate its
impact on measurement accuracy.

As shown in Table 10, lightweight calibration
reduces average measurement error across all evaluated
sensors. This improvement is achieved without
increasing computational complexity, demonstrating that
simple calibration techniques can enhance data quality
while maintaining low-power operation.

Table 10. Accuracy improvement before and after
lightweight calibration

Sensor Parameter Average Average
Error Error
(Before) (After)

DHT22 | Temperature +1.4 +0.9
W9

DHT22 Humidity +1.1 +0.8

(YoRH)

BMP180 Pressure +0.6 +0.3

(hPa)

3.4.2 Limitations of Low-Cost Sensors

Although the selected sensors provided acceptable
performance for trend-based agricultural monitoring,
their limitations should be considered when
interpreting the results. The DHT22 sensor is suitable
for general temperature and humidity monitoring, but
its response may be slower under rapidly changing
humidity conditions. Its readings may also be affected
by condensation, dust, and long-term exposure to
outdoor environments. Therefore, periodic checking
or simple recalibration is recommended when the
sensor is used for extended field deployment.
The BMP180 pressure sensor showed stable short-
term readings in this study; however, pressure
measurements may still be affected by altitude
differences, local microclimate variation, enclosure
design, and temperature compensation. For this
reason, the pressure values should be interpreted
mainly as environmental trend indicators rather than
as highly precise meteorological measurements.

The MQ-2 gas sensor has more obvious limitations
compared with the temperature, humidity, and
pressure sensors. Since it is an analog low-cost gas
sensor, its output can be influenced by temperature,
humidity, warm-up time, sensor aging, and cross-
sensitivity to different gases. In this study, the MQ-2
was therefore used only to detect relative changes
between normal and abnormal conditions, rather than
to estimate absolute gas concentration. This
interpretation is consistent with the practical purpose
of the proposed system, which focuses on low-cost
environmental monitoring and early indication of
abnormal field conditions.

Overall, the use of low-cost sensors makes the
proposed system more accessible for agricultural
deployment, but it also introduces a trade-off between
affordability and measurement precision. The results
should therefore be interpreted as suitable for practical
monitoring, trend observation, and field-level decision
support, rather than as laboratory-grade measurements.

3.4.3 Impact of Missing Data and Packet Loss

To evaluate the impact of communication loss,
periods of packet loss were simulated, and the
resulting data availability was analyzed.

Table 11 indicates that even under moderate
packet loss conditions, the overall data trends remain
interpretable. This robustness is attributed to the
periodic sensing strategy and time-series analysis at
the backend, which compensates for occasional
missing data.

Table 11. Impact of packet loss on data availability

. Packet Effective Data Impact on
Scenario Loss Availabilit Trend
Rate Y Analysis
Normal "1 oo/ | S 080 | Negligible
operation
Minor
M"lderate ~5% ~95% smoothing
0ss .
required
Severe loss| ~10% ~90% Trend still
observable

3.5 Discussion and Trade-off Analysis

The experimental and analytical results indicate
that the proposed system involves several practical
trade-offs among communication range, latency,
energy consumption, and reliability. As the node—
gateway distance increases, both join request delay
and transmission latency tend to increase. This
behavior is expected in long-range LoRa
communication because longer distances may reduce
signal strength and increase the probability of packet
loss or delayed reception. However, the observed PDR
remains within an acceptable range for non-real-time
agricultural monitoring, where periodic environmental
trends are more important than immediate response.

The scalability results also show that increasing the
number of sensing nodes leads to a gradual reduction
in PDR and an increase in latency. This trend is mainly
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related to higher channel occupancy and packet
collision  probability in  shared LPWAN
communication. Nevertheless, the gateway-centric
architecture remains suitable for agricultural
monitoring because the application does not require
continuous high-rate data transmission. The system is
therefore more appropriate for periodic field
monitoring than for time-critical control applications.

Energy consumption is another key trade-off in the
proposed design. The operating-state energy model
shows that LoRa transmission is the dominant energy-
consuming phase, while sensing and local processing
require comparatively lower energy. This supports the
use of duty-cycled transmission, where the node
collects data at a fixed sampling interval but transmits
only at the configured transmission interval. As shown
in the estimated energy comparison, this strategy can
reduce daily energy consumption while maintaining
comparable communication reliability.

From a practical perspective, the proposed system
prioritizes long-term deployability, acceptable sensing
accuracy, and low-power operation rather than
laboratory-grade precision or ultra-low latency. This
trade-off is suitable for precision agriculture
applications that rely on environmental trends, field-
level monitoring, and gradual decision support. Future
work may further improve this balance by applying
adaptive transmission intervals, dynamic spreading
factor selection, solar-assisted power management,
and machine-learning-based event detection.

4. Conclusions

This work presents a practical system-level IoT
solution for precision agriculture by integrating
heterogeneous environmental sensors, LoRa-based long-
range communication, and a lightweight, energy-aware
device-level algorithm within a unified and deployable
architecture. Unlike prior studies that emphasize isolated
components or laboratory-scale validation, the proposed
approach explicitly considers hardware constraints,
algorithmic  control, and real-world deployment
conditions. Comprehensive  experimental  results
demonstrate that the integrated hardware—algorithm
design enables reliable environmental sensing, robust
wireless communication, and stable long-term operation
in open-field agricultural environments. Sensor
measurements remain within acceptable accuracy ranges
compared with reference meteorological data, supporting
trend-based and spatially localized monitoring.
Communication and energy evaluations confirm that
duty-cycled operation achieves significant power savings
while maintaining acceptable packet delivery and latency
under varying distances, interference, and node density.
Overall, the proposed system achieves a balanced trade-
off among sensing reliability, communication robustness,
energy efficiency, and scalability. By prioritizing
deployability and long-term operation, this work
provides a reproducible framework for real-world
precision agriculture monitoring and establishes a solid
foundation for future extensions such as adaptive

transmission strategies, decision-support integration, and
renewable energy utilization.
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