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This study develops a hybrid-powered intemet of things (IoT) multi-sensor
system integrated with machine leaming (ML) for sugarcane monitoring in
Mojokerto. Four sensors—soil moisture, pH, LM35 temperature, and light
dependent resistor (LDR) light—are connected to an Arduino UNO R4
wireless fidelity Wi-Fi microcontroller. A hybrid power supply (mains
electricity and solar panels) and dual data storage (real-time transmission to
Google Sheets and local SD backup) ensure resilience and reliability under
field conditions. Sensor data are normalized and smoothed prior to analysis
using k-means clustering to map environmental states and a random forest
(RF) classifier to predict crop health. Field validation demonstrates soil
moisture as the most influential parameter, followed by temperature, pH, and
light intensity. The RF model achieved 93.01% accuracy, 93.88% precision,
99.02% recall, and a 96.38% Fl-score on held-out data. By combining
hybrid power, multi-sensor integration, dual storage, and ML, the system
provides robust, data-informed monitoring that supports timely irrigation
and management decisions in sugarcane cultivation.
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1. INTRODUCTION

Sugarcane (Saccharum officinarum L.) is a carbohydrate-rich plant and the primary raw material
for sugar production [1]. As one of Indonesia’s key agricultural commodities, sugarcane plays a vital role
in supporting economic growth and national food security [2]. Being a seasonal crop with an annual
harvest cycle [3], sugarcane requires intensive care, and inadequate management can reduce both crop and
sugar productivity [4], [S]. According to the Central Statistics Agency (BPS), Indonesia’s sugar production
declined from 2.23 million tons in 2019 to 2.12 million tons in 2020 [6]. More recently, sugar mills in
East Java, including PG Gempolkrep Mojokerto, have experienced a decline in productivity during the
2023 milling season, which is commonly associated with limited availability of high-yielding varieties,
suboptimal cultivation practices, and the absence of reliable environmental monitoring systems [7]-[9].
Key parameters influencing sugarcane yield include soil properties, water availability, air temperature, and
light intensity [10].

Soil conditions are a critical parameter of the growing medium that determines plant suitability.
Plants with fibrous and shallow roots require large amounts of water [11], [12] because they extract moisture
rapidly from the soil [13], [14] whereas plants with taproots need less water [15], thereby improving drought
tolerance [16] and reducing irrigation frequency [17]. Sugarcane has a relatively complex root system—
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comprising shallow, supporting, and deep rope roots—that enables water absorption even under drought
conditions, making it highly dependent on sufficient water throughout its growth cycle [18]. Soil conditions
are influenced by soil type, moisture, and pH, all of which affect crop management. Soil moisture directly
impacts sugarcane growth [19], [20] while soil pH, defined by hydrogen ion concentration, regulates nutrient
availability and plant development [21], [22]. In addition, air temperature and light intensity are key
environmental parameters. Temperature governs germination, vegetative growth, respiration, flowering, and
yield [8], [23] while light plays a vital role in photosynthesis and sugar production [24]-{26]. Without
continuous monitoring of these parameters, farmers face difficulties in maintaining optimal growth
conditions, leading to reduced productivity.

Monitoring environmental conditions is therefore essential to ensure vigorous and healthy sugarcane
growth. An environmental monitoring system that measures soil moisture, pH, temperature, and light,
integrated with information technology, can simplify the process and meet farmers’ needs. The integration of
internet of things (IoT) and machine learning (ML) technologies offers great potential for developing optimal
monitoring systems [27], [28]. IoT enables real-time acquisition of environmental data to support efficient
farming operations, while ML analyzes patterns in plant conditions based on sensor inputs [29]-[32].
Previous studies have demonstrated IoT applications in agriculture, including hydroponic monitoring [33],
ornamental plant irrigation [34], greenhouse irrigation [35], soil moisture monitoring in green
beans [36], [37], pH and moisture monitoring in peanuts [38], chili growth monitoring [39], tomato height
detection [40], corn irrigation [41], rice condition monitoring [42], corn protection from animal
disturbances [43], warehouse environmental monitoring [44], [45] pest prediction in sugarcane [19], and soil
moisture monitoring in sugarcane [19], [20]. However, most implementations remain limited to
single-parameter sensing or specific crop contexts, and few have developed multi-sensor IoT systems with
hybrid power supply and dual data storage, validated directly in sugarcane fields, and integrated with
adaptive ML for health classification.

This study proposes a hybrid-powered IoT multi-sensor system integrating soil moisture, pH, LM35
temperature, and light dependent resistor (LDR) light sensors with an Arduino UNO R4 Wi-Fi
microcontroller. To ensure resilience in field conditions, the system employs a hybrid power supply (mains
electricity and solar panels) and dual data storage (real-time transmission to Google Sheets and local backup
on SD card). Sensor data are preprocessed and analyzed using k-means clustering to map environmental
conditions and a random forest (RF) classifier to classify sugarcane health status into healthy and unhealthy
categories. Field validation in Mojokerto demonstrates the system’s ability to capture dynamic environmental
variations and provide accurate health predictions. By combining hybrid power, multi-sensor IoT integration,
and adaptive ML, this research delivers a resilient monitoring solution tailored to local farming conditions.
The system enables farmers to make timely decisions on irrigation and crop management, thereby improving
productivity, supporting food security, and enhancing farmer welfare in Mojokerto and potentially other
sugarcane-producing regions in Indonesia.

2. METHOD

The proposed sugarcane monitoring system integrates [oT sensors with ML to provide adaptive and
efficient support for sugarcane farming. Automatic monitoring of key environmental parameters—soil
moisture, pH, temperature, and light intensity—enables farmers to track crop conditions continuously and
make timely decisions to improve productivity. The methodological framework of this study is illustrated in
Figure 1, which outlines the sequential stages: literature review and needs analysis, system design, real-time
sensor data collection, data conversion and preprocessing, ML analysis, and evaluation. This structured
approach ensures that both technical and agricultural aspects are addressed comprehensively.

Literature review and = Svs o deilén Real-time sensor data
needs analysis i s e collection
’ Evaluation r— Machine learning analysis Data processing

Figure 1. Research method flowchart
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The initial stage involved a literature review and needs analysis to identify critical environmental
factors influencing sugarcane growth, including soil moisture, soil pH, temperature, and light. Previous
studies on crop monitoring systems using loT sensors and ML were examined to establish the research gap
and guide system development. Based on this analysis, the required components—Arduino UNO R4 Wi-Fi
microcontroller, soil moisture sensor, pH sensor, LM35 temperature sensor, LDR sensor, hybrid power
supply, and dual storage mechanism—were selected to ensure resilience, accuracy, and applicability in real
field conditions.

2.1. System design

The sugarcane monitoring system was designed as a hybrid-powered IoT architecture to ensure
resilience and reliability in field conditions. Four primary sensors—soil moisture, pH, LM35 temperature,
and LDR light intensity—are integrated with an Arduino UNO R4 Wi-Fi microcontroller. The
microcontroller functions as the central unit, acquiring sensor data, transmitting it wirelessly to Google
Sheets for real-time monitoring, and storing backup data locally on an SD card. The analysis of component
requirements in this study is shown in Table 1. This dual storage mechanism guarantees data availability
even during connectivity disruptions, thereby supporting continuous monitoring in agricultural environments.

Table 1. Requirements for sugarcane monitoring system components
Components Function
Arduino UNO R4 Wi-Fi Read and receive data from sensors, send data to Google Sheets, save
data to SD cards, process data, perform computations, and connect to
the internet

Soil moisture sensor Measure soil moisture

LM35 sensor Measure ambient temperature

pH meter sensor Measure soil pH

LDR sensor Measure light intensity

Power supply Convert AC power to DC power required by the Arduino and sensors.
Provides power as needed and stabilizes voltage

Stepdown 12to 5V Reduce voltage from 12V to 5V

Solar panel, battery, and solar charge controller (SCC) Supply energy to the monitoring system

SD card Store data from sensor readings and as a data backup medium

Google Sheets Used as cloud-based data storage as an online database for sensor
readings

The system’s electrical power is supplied from two sources: mains voltage (State Electricity
Company (PLN)) and solar panels. The voltage from PLN is stepped down to 12 V through a regulated
power supply circuit, while the solar panel output is managed by a solar charge controller to produce a stable
12 V. A step-down converter then ensures a consistent 5 V supply for the microcontroller and sensors. This
hybrid configuration enhances sustainability and reliability, allowing the system to operate seamlessly during
grid interruptions and supporting deployment in rural areas. The overall design emphasizes modularity,
enabling future scalability through the integration of additional sensors or components.

The design of the sugarcane monitoring system is shown in Figure 2. The system is designed with
four main sensors, namely soil moisture sensor, pH sensor, LM35, and LDR, which are connected to the
Arduino UNO R4 Wi-Fi microcontroller. The microcontroller functions to acquire data, send it to Google
Sheets via a Wi-Fi network, and store backup data on an SD card. The energy source is supplied through a
hybrid system (PLN and solar panels with a solar charge controller) so that the system continues to run even
in the event of a power supply disruption.

2.2. Real-time sensor data collection

Real-time data collection is a critical process to ensure that variations in environmental conditions
can be detected promptly and accurately. In this study, four parameters—soil moisture, soil pH, ambient
temperature, and light intensity—were continuously monitored using integrated sensors connected to the
Arduino UNO R4 Wi-Fi microcontroller. The microcontroller was programmed to acquire sensor readings at
fixed intervals, thereby enabling continuous observation of sugarcane field conditions in Mojokerto. This
approach ensures that dynamic changes in soil and climate factors are captured effectively to support
adaptive crop management.

To guarantee data reliability, the system implements a dual storage mechanism. Sensor readings are
transmitted wirelessly to Google Sheets for cloud-based monitoring and further analysis, while
simultaneously stored locally on an SD card as a backup. This redundancy provides resilience against
connectivity disruptions and safeguards data integrity in field conditions. The combination of real-time
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acquisition, cloud integration, and local backup enhances the robustness of the monitoring framework,
ensuring that farmers and researchers can access accurate and uninterrupted datasets for decision-making and
ML analysis.
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Figure 2. Sugarcane monitoring system design

2.2.1. Analog-to-digital converter to voltage conversion
All analog sensors are first converted from analog-to-digital converter (ADC) values to voltage
[46]-[48] with (1).

ADC
1% =EXVref,Vrefz 50V (1)

2.2.2. Soil moisture sensor

The soil moisture sensor works on the principle of electrical conductivity, which measures soil
resistance that is inversely proportional to water content. The sensor is usually wired as a voltage divider,
producing an ADC value that can be converted into a voltage. The ADC value is mapped linearly between
two calibration points, namely wet and dry. ADC wet is the reading when the medium is very wet
(value =900), ADC dry is the reading when the medium is very dry (value =3000) [49]-[51] with (2) [52].

ADC—-ADCwet
ADC_gry—ADC_wet

Moisture(%) = clamp ( x 100,0,100) ?2)

2.2.3. pH sensor
The pH sensor has a voltage of 2.5 V at pH 7 with a slope of approximately 0.18 V/pH at 25° [53]
using (3).

VpH7-V
s

pH =70 + ,VpH7 ~ 2,5V ,S ~ 0,18V /pH 3)

2.2.4. LM3S5 temperature sensor
The LM35 sensor has a linear sensitivity of 10 mV/°C, so the temperature is calculated from the
reading voltage [54] using (4).

V.°C=Vx100 4
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2.2.5. Light dependent resistor sensor

The LDR sensor works based on the principle of resistance change in response to light intensity.
The brighter the light hitting the LDR surface, the lower the resistance value, while in dark conditions, the
resistance becomes very high. To read this change in resistance, a voltage divider circuit with a fixed resistor
Rf is used, so that the output voltage V can be calculated using the voltage divider law, and Vcc is the source
voltage. The LDR resistance as (5).

V Rf

R_LDR =
Vee-v

(&)

The relationship between LDR resistance and light intensity is non-linear, with A and y being
calibration constants. This equation shows that light intensity (lux) is inversely proportional to LDR
resistance in the form of a power. The lux value equation is written as (6) [55].

2 1
~ y

= (57) ©)
2.3. Data conversion and preprocessing

Sensor outputs were initially obtained as analog signals and converted into digital values by the
Arduino UNO R4 Wi-Fi microcontroller. Each sensor reading was then transformed into meaningful physical
units through calibration equations. Soil moisture values were mapped linearly between wet and dry
calibration points [49]-[52], while soil pH was calculated based on voltage slope and reference
calibration [53]. The LM35 sensor provided temperature readings in degrees Celsius [54], and LDR
resistance values were translated into light intensity (lux) using calibration constants [55]. This conversion
process ensured that raw sensor data could be interpreted consistently and accurately for subsequent analysis.

To improve data quality, several preprocessing techniques were applied before ML analysis. All
sensor readings were normalized to a uniform scale to eliminate bias caused by differing measurement
ranges. Noise reduction was performed using the exponential moving average (EMA) method [56], which
smooths fluctuations while preserving underlying trends. Missing or erroneous data points were handled
through error detection and correction procedures to maintain dataset integrity. The EMA smoothing process
is expressed mathematically as (7).

Temae) = aT[k] + (1 — a)Tgyapr-1, 0 <a <1 (7

Where T [k] represents the current sensor reading, T_EMA[k] is the smoothed value at time step &, and a is
the smoothing factor. These preprocessing steps ensured that the input dataset was reliable, consistent, and
suitable for clustering and classification tasks in subsequent stages.

2.4. Machine learning analysis

ML was employed to analyze sensor data and provide adaptive insights into sugarcane growth
conditions. Two algorithms were selected: k-means clustering and RF classification. K-means clustering was
used to group sensor readings into natural clusters, representing distinct environmental conditions in the
sugarcane field. This unsupervised approach allowed the identification of patterns in soil moisture, pH,
temperature, and light intensity without prior labelling, thereby supporting exploratory analysis of
environmental variability.

The RF classifier was then applied to categorize sugarcane health status into healthy and unhealthy
conditions. RF was chosen due to its robustness against noise and outliers, as well as its ability to reduce
overfitting through ensemble learning. The classifier utilized multiple decision trees, with majority voting
determining the final prediction. Feature importance analysis was conducted to identify the most influential
parameters, confirming soil moisture as the dominant factor, followed by temperature, pH, and light
intensity. This combination of clustering and classification provided a comprehensive framework for
adaptive monitoring, enabling farmers to receive actionable information based on real-time sensor data.

2.5. Evaluation

The performance of the proposed monitoring system was evaluated through both functional
validation and ML assessment. Functional validation ensured that all sensors operated correctly in field
conditions, with data successfully transmitted to Google Sheets and stored locally on the SD card. The hybrid
power supply was tested under varying conditions to confirm uninterrupted operation during grid outages,
while dual storage was verified to guarantee data reliability.

For ML evaluation, the predictive capability of the RF classifier was assessed using standard metrics:
accuracy, precision, recall, and F1-score. These metrics provided a comprehensive view of model performance,
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balancing correctness, sensitivity, and robustness. In addition, feature importance analysis was conducted to
identify the most influential environmental parameters affecting sugarcane health classification. Results
consistently highlighted soil moisture as the dominant factor, followed by temperature, pH, and light intensity.
This evaluation confirmed that the system not only functions reliably in real-world conditions but also delivers
meaningful insights for adaptive sugarcane monitoring.

3. RESULTS AND DISCUSSION
3.1. System implementation outcomes

The hybrid-powered IoT monitoring system was successfully implemented in sugarcane fields in
Mojokerto. All four sensors—soil moisture, pH, LM35 temperature, and LDR light intensity—operated
reliably under real field conditions. Data acquisition was conducted at five-minute intervals, with sensor
readings transmitted wirelessly to Google Sheets and simultaneously stored on an SD card. The dual storage
mechanism proved effective in maintaining data integrity, ensuring that no information was lost during
temporary connectivity disruptions. The hybrid power supply, combining mains electricity and solar
panels, enabled continuous operation even during grid outages, validating the system’s resilience in rural
agricultural environments.

3.2. Sensor data behavior

Trend graph of soil, pH, temperature, and light sensor data is shown in Figure 3. The collected data
revealed clear variations in environmental parameters across different times of day and weather conditions.
Soil moisture levels fluctuated significantly depending on irrigation schedules and rainfall, while pH values
remained relatively stable within the optimal range for sugarcane growth. Temperature readings showed
diurnal patterns, with peaks during midday and declines at night. Light intensity data captured by the LDR
sensor correlated strongly with sunlight exposure, confirming the sensor’s effectiveness in monitoring
photosynthetic conditions. These results highlight the importance of continuous monitoring to capture
dynamic environmental changes that directly affect sugarcane productivity.
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Figure 3. Trend graph of soil, pH, temperature, and light sensor data

3.3. Data preprocessing results

Raw sensor data were successfully converted into meaningful physical units through calibration
equations. Soil moisture was expressed as percentage values, pH readings were mapped to acidity levels,
LM35 outputs were converted into degrees Celsius, and LDR resistance values were translated into lux.
Preprocessing techniques—normalization, smoothing using the EMA, and error handling—significantly
improved data quality. The normalization graph from the sensor is shown in Figure 4, and the EMA sensor
graph results are shown in Figure 5. The EMA method reduced noise while preserving underlying trends,
ensuring that the dataset was consistent and reliable for ML analysis.
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Figure 4. Sensor data normalization graph
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Figure 5. The EMA graph for smoothing sensor data

3.4. Machine learning analysis

The preprocessed dataset was analyzed using k-means clustering and RF classification. K-means
clustering grouped sensor readings into distinct clusters, representing favorable and unfavorable
environmental conditions for sugarcane growth. Figure 6 shows the k-means algorithm with the x-axis
representing temperature and the y-axis representing humidity. K-means clustering produces three clusters,
namely cluster 0 (purple), cluster 1 (blue), and cluster 2 (yellow). The purple cluster is mostly found in low
humidity (around 0.25-0.35) with relatively low temperatures (0.15-0.20). This can be interpreted as the
condition of plants in a dry state or under water stress. This indicates that the sugarcane tends to be unhealthy
or at risk of drought. The blue cluster is found more in high humidity (0.50-0.65) with moderate
temperatures (0.20—-0.25). These conditions are close to optimal for sugarcane growth and are thought to be
healthy, as high humidity supports nutrient absorption and stable temperatures. The yellow cluster is spread
across moderate humidity (0.35-0.50) with varying temperatures (0.15-0.30). This is likely a transitional
condition, which could be healthy or unhealthy depending on other factors. This indicates a mixed zone,
where the sugarcane could still be healthy if other supporting factors are present, such as stable soil pH and
sufficient light intensity. The RF classification results with the x-axis being temperature (around 0.15-0.30)
and the y-axis being humidity (around 0.30-0.65) are shown in Figure 7. The RF prediction results for
sugarcane conditions are blue for cluster 0 (unhealthy) and red for cluster 1 (healthy). Based on humidity,
there are three conditions: low humidity (0.28—-0.35) shows a tendency for more blue dots (unhealthy).
Medium humidity (0.35-0.50) shows a mixture of healthy and unhealthy (vulnerable/transition zone). High
humidity (0.50-0.65) indicates a predominance of red (healthy). Furthermore, the role of temperature shows
that the temperature range (0.15-0.30) is not very wide, so its effect on classification is not as significant as
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humidity. However, at higher temperatures (>0.25), healthy points (red) are more dominant if humidity is
also high. The RF classifier achieved high predictive performance, with accuracy exceeding 90%, supported
by balanced precision, recall, and F1-score values. The classification results provided actionable insights by
distinguishing between healthy and unhealthy sugarcane states, enabling farmers to make informed decisions
regarding irrigation and crop management.
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3.5. Feature importance and insights

Feature importance analysis revealed that soil moisture was the most influential parameter in
determining sugarcane health, followed by temperature, pH, and light intensity. This finding aligns with
agronomic knowledge that water availability is the dominant factor affecting sugarcane productivity.
Temperature and pH contributed to secondary variations, while light intensity played a supporting role in
photosynthesis and sugar accumulation. These insights confirm the relevance of multi-sensor monitoring and
emphasize the need for adaptive management strategies in sugarcane farming.

3.6. Comparative discussion

Compared to previous studies that focused on single-parameter sensing or specific crop
contexts [33]{38], [39]-[43], the proposed system offers a more comprehensive and resilient framework.
The integration of multi-sensor IoT monitoring, hybrid power supply, dual storage, and ML analysis
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represents a significant advancement in agricultural technology. This system not only ensures reliable data
acquisition under challenging field conditions but also provides predictive analytics to support decision-
making. The results demonstrate the potential of IoT and ML technologies to improve sugarcane
productivity, strengthen food security, and enhance farmer welfare in Mojokerto and other sugarcane-
producing regions.

4. CONCLUSION

This work demonstrates a hybrid-powered IoT multi-sensor monitoring system integrated with ML
for sugarcane fields in Mojokerto. The architecture—combining soil moisture, pH, temperature, and light
sensing with an Arduino UNO R4 Wi-Fi microcontroller, hybrid power (mains and solar), and dual storage
(Google Sheets and SD card)—operated reliably under real field conditions. ML analysis using k-means and
RF provided data-informed insights into environmental variability and crop health, with soil moisture
identified as the most influential factor. The RF model achieved 93.01% accuracy, 93.88% precision, 99.02%
recall, and a 96.38% F1-score on held-out data. These results support the potential of multi-sensor monitoring
and predictive analytics to guide timely irrigation and management decisions. This study is limited to a
single-site deployment and a finite observation window; future work will extend validation across seasons
and locations, add sensors (e.g., electrical conductivity), improve calibration robustness, and integrate
closed-loop actuation for irrigation control. Overall, the proposed system offers a resilient, scalable
framework that can be adapted to broader agricultural contexts, contributing to improved productivity and
farmer welfare in sugarcane-producing regions.

ACKNOWLEDGMENTS

The authors would like to extend their deepest appreciation to the Directorate of Research,
Technology, and Community Service (DRTPM), Ministry of Higher Education, Science, and Technology of
the Republic of Indonesia, for the generous financial support provided through the 2025 Dosen Pemula
Research Program. The authors also acknowledge the valuable contributions of all colleagues and
institutional partners who provided insights and assistance throughout the study.

FUNDING INFORMATION

This research is funded by the Directorate of Research, Technology, and Community Service
(DRTPM), Ministry of Higher Education, Science, and Technology of the Republic of Indonesia, through the
2025 Dosen Pemula Research Program under contract number 128/C3/DT.05.00/PL/2025. This funding has
been instrumental in enabling the successful execution of the research, from the initial design and planning
stages to field implementation, data analysis, and the preparation of this scientific manuscript.

AUTHOR CONTRIBUTIONS STATEMENT
This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author
contributions, reduce authorship disputes, and facilitate collaboration.

Name of Author C M So Va Fo 1 R D O E Vi Su P Fu
Sekar Sari v v v v v v v v v v
Oktavia Citra Resmi v v v v v v v v
Rachmawati

Tole Sutikno v v v v v v v
C : Conceptualization I : Investigation Vi : Visualization

M : Methodology R : Resources Su : Supervision

So : Software D : Data Curation P : Project administration

Va : Validation O : Writing - Original Draft Fu : Funding acquisition

Fo : Formal analysis E : Writing - Review & Editing

CONFLICT OF INTEREST STATEMENT
Authors state no conflict of interest.

Int J Adv Appl Sci, Vol. 15, No. 1, March 2026: 384-395



Int J Adv Appl Sci ISSN: 2252-8814 ) 393

INFORMED CONSENT

The research related to human use has been complied with all the relevant national regulations and
institutional policies in accordance with the tenets of the Helsinki Declaration and has been approved by the
authors' institutional review board or equivalent committee.

DATA AVAILABILITY
The data that support the findings of this study are available from the corresponding author, [SS],
upon reasonable request.

REFERENCES

[1]  F. Dahmir et al., “5G utilization for smart farming to enhance productivity of sugarcane plantations in Indonesia,” Discover
Sustainability, vol. 7, no. 1, Dec. 2025, doi: 10.1007/s43621-025-02073-0.

[21 Y. C. Yang et al, “The spatiotemporal evolution of sugarcane growth based on remote sensing monitoring and its influence
factors detection regression analysis in Guangxi, China,” Sugar Tech, Apr. 2025, doi: 10.1007/s12355-025-01582-6.

[31  G. Nugroho et al., “Empirical models for estimating total chlorophyll content in sugarcane using hyperspectral reflectance and
Sentinel-2 imagery,” Modeling Earth Systems and Environment, vol. 11, no. 6, Dec. 2025, doi: 10.1007/s40808-025-02598-3.

[4] M. E. Alaoui, K. E. Amraoui, L. Masmoudi, A. Ettouhami, and M. Rouchdi, “Unleashing the potential of IoT, artificial
intelligence, and UAVs in contemporary agriculture: a comprehensive review,” Journal of Terramechanics, vol. 115, Oct. 2024,
doi: 10.1016/j.jterra.2024.100986.

[5] F. D. Silveira, S. L. C. D. Silva, F. M. Machado, J. G. A. Barbedo, and F. G. Amaral, “Farmers’ perception of barriers that
difficult the implementation of agriculture 4.0,” Agricultural Systems, vol. 208, May 2023, doi: 10.1016/j.agsy.2023.103656.

[6] A. Zumroh, S. Budi, and W. N. Lailiyah, “Genetic diversity, heritability, and productivity of new sugarcane (Saccharum
officinarum L.) clones on paddy fields for enhanced sugar production in Indonesia,” Jurnal Ilmiah Pertanian, vol. 20, no. 2,
May 2023, doi: 10.31849/jip.v20i2.12533.

[71  P. D. Riajaya et al., “Growth and yield potential of new sugarcane varieties during plant and first ratoon crops,” Sustainability,
vol. 14, no. 21, Nov. 2022, doi: 10.3390/sul142114396.

[8]  F. Mehdi et al., “Factors affecting the production of sugarcane yield and sucrose accumulation: suggested potential biological
solutions,” Frontiers in Plant Science, vol. 15, pp. 1-21, 2024, doi: 10.3389/fpls.2024.1374228.

[91  A. Dengia, N. Dechassa, L. Wogi, and B. Amsalu, “A simplified approach to satellite-based monitoring system of sugarcane
plantation to manage yield decline at Wonji-Shoa Sugar Estate, central Ethiopia,” Heliyon, vol. 9, no. 8, Aug. 2023,
doi: 10.1016/j.heliyon.2023.e18982.

[10] J. C. S. Vasconcelos, C. S. Arantes, E. A. Speranza, J. F. G. Antunes, L. A. F. Barbosa, and G. M. D. A. Cangado, “Predicting
sugarcane yield through temporal analysis of satellite imagery during the growth phase,” Agronomy, vol. 15, no. 4, pp. 1-24,
2025, doi: 10.3390/agronomy15040793.

[11] X. Kou, W. Han, and J. Kang, “Responses of root system architecture to water stress at multiple levels: a meta-analysis of trials
under controlled conditions,” Frontiers in Plant Science, vol. 13, pp. 1-16, 2022, doi: 10.3389/fpls.2022.1085409.

[12] A. Kalra, S. Goel, and A. A. Elias, “Understanding role of roots in plant response to drought: way forward to climate-resilient
crops,” Plant Genome, vol. 17, no. 1, pp. 1-31, 2024, doi: 10.1002/tpg2.20395.

[13] X. Li et al., “More than iso/anisohydry: hydroscapes integrate plant water use and drought tolerance traits in 10 eucalypt species
from contrasting climates,” Functional Ecology, vol. 33, no. 6, pp. 1035-1049, 2019, doi: 10.1111/1365-2435.13320.

[14] X. X. Zhang et al., “A comparison between water uptake and root length density in winter wheat: effects of root density and
rhizosphere properties,” Plant and Soil, vol. 451, no. 1-2, pp. 345-356, 2020, doi: 10.1007/s11104-020-04530-3.

[15] A. Wasaya, X. Zhang, Q. Fang, and Z. Yan, “Root phenotyping for drought tolerance: a review,” Agronomy, vol. 8, no. 11,
pp. 1-19, 2018, doi: 10.3390/agronomy8110241.

[16] L. Reinelt et al., “Drought effects on root and shoot traits and their decomposability,” Functional Ecology, vol. 37, no. 4,
pp. 1044-1054, 2023, doi: 10.1111/1365-2435.14261.

[17] Y. Fan, G. M.-Macho, E. G. Jobbagy, R. B. Jackson, and C. O.-Casal, “Hydrologic regulation of plant rooting depth,”
Proceedings of the National Academy of Sciences of the United States of America, vol. 114, no. 40, pp. 10572-10577, 2017,
doi: 10.1073/pnas.1712381114.

[18] X. Wang et al., “Inhibition of co-occurring weeds and young sugarcane seedling growth by perennial sugarcane root extract,”
Scientific Reports, vol. 14, no. 1, Apr. 2024, doi: 10.1038/541598-024-58082-y.

[19] M. Abinaya and J. A. Daniel, “Deploying YOLOv8m and deep Q-network for intelligent prediction of pests and soil-borne illness
in sugarcane fields,” International Journal of Computational Intelligence Systems, vol. 19, no. 1, Jan. 2026,
doi: 10.1007/s44196-025-01050-9.

[20] C. Raj, S. Singh, R. Viswanathan, A. R. Sundar, and C. Appunu, “Insights into the role of climate change on major sugarcane
diseases and their mitigation strategies,” Sugar Tech, Nov. 2025, doi: 10.1007/s12355-025-01683-2.

[21] D. Das et al, “Understanding the role of soil microorganisms in alleviating hydric and edaphic stress towards sustainable
agriculture,” Discover Soil, vol. 2, no. 1, 2025, doi: 10.1007/s44378-025-00076-x.

[22] Z.Pang, L. Mo, Q. Liu, Q. Huang, Y. Xiao, and Z. Yuan, “Soil acidification reduces flavonoids and key metabolites in sugarcane
roots and rhizosphere leading to yield decline,” Rhizosphere, vol. 33,2025, doi: 10.1016/j.rhisph.2025.101028.

[23] G. S. Sanghera, P. K. Malhotra, and R. Bhatt, “Climate change impact in sugarcane agriculture and mitigation strategies,” Journal
of Environmental and Agricultural Sciences, vol. 10, no. March, pp. 99-114, 2019.

[24] Y. Y. Liu et al, “Sugarcane leaf photosynthetic light responses and their difference between varieties under high temperature
stress,” Photosynthetica, vol. 58, no. 4, pp. 1009-1018, 2020, doi: 10.32615/ps.2020.038.

[25] Y. Wei et al., “Analysis of photosynthetic characteristics and screening high light-efficiency germplasm in sugarcane,” Plants,
vol. 13, no. 5, 2024, doi: 10.3390/plants13050587.

[26] W. Wu et al., “The role of light in regulating plant growth, development and sugar metabolism: a review,” Frontiers in Plant
Science, vol. 15, pp. 1-15, 2024, doi: 10.3389/fpls.2024.1507628.

Adaptive sugarcane monitoring in Mojokerto using a hybrid-powered IoT ... (Sekar Sari)



394

a ISSN: 2252-8814

[27]

[28]
[29]

[30]

(1]

[32]
[33]
[34]

[33]

[36]
B7]

[38]

[39]

[40]
[41]

[42]

[43]
[44]
[45]

[46]

[47]
[48]

[49]

[50]

[51]
[52]

[53]

[54]
[55]

[56]

V. H. U. Eze, E. C. Eze, G. U. Alaneme, P. E. Bubu, E. O. E. Nnadi, and M. B. Okon, “Integrating IoT sensors and machine
learning for sustainable precision agroecology: enhancing crop resilience and resource efficiency through data-driven strategies,
challenges, and future prospects,” Discover Agriculture, vol. 3, no. 83, 2025, doi: 10.1007/s44279-025-00247-y.

J. B.-Valencia et al., “Machine learning in sustainable agriculture: systematic review and research perspectives,” Agriculture,
vol. 15, no. 4, Feb. 2025, doi: 10.3390/agriculture15040377.

C. L.-Garzon et al., “Remote sensing and machine learing modeling to support the identification of sugarcane crops,” [EEE
Access, vol. 10, pp. 17542-17555, 2022, doi: 10.1109/ACCESS.2022.3148691.

N. Amarasingam, F. Gonzalez, A. S. A. Salgadoe, J. Sandino, and K. Powell, “Detection of white leaf disease in sugarcane crops
using UAV-derived RGB imagery with existing deep leaming models,” Remote Sensing, vol. 14, no. 23, 2022,
doi: 10.3390/rs14236137.

E. Panwar, A. N. J. Kukunuri, D. Singh, A. K. Sharma, and H. Kumar, “An efficient machine learning enabled non-destructive
technique for remote monitoring of sugarcane crop health,” IEEE Access, vol. 10, pp. 75956-75970, 2022,
doi: 10.1109/ACCESS.2022.3190716.

P. P. Ruwanpathirana et al., “Evaluation of sugarcane crop growth monitoring using vegetation indices derived from RGB-based
UAYV images and machine learning models,” Agronomy, vol. 14, no. 9, 2024, doi: 10.3390/agronomy 14092059.

S. Senthil Pandi, A. K. Reshmy, D. Elangovan, and J. Vellingiri, “Al-driven environmental monitoring for hydroponic
agriculture: EXCNN-LFCP approach,” Earth Science Informatics, vol. 18, no. 1, Jan. 2025, doi: 10.1007/s12145-024-01516-y.

Z. R. Cai, D. Sukma, and M. T. Chan, “Balancing nature and technology: enhancing flowering in ormamental plants,” Botanical
Studies, vol. 66, no. 1, Dec. 2025, doi: 10.1186/s40529-025-00487-7.

A. A. E. Sheshny, A. M. A.-Hameed, M. A. A. Rajhi, H. G. Ghanem, T. M. Elzanaty, and M. H. Fayed, “Optimizing water
management in greenhouse farming through an IoT-enabled monitoring system,” Journal of the Saudi Society of Agricultural
Sciences, vol. 24, no. 4, Aug. 2025, doi: 10.1007/s44447-025-00039-2.

A. Lamberty and J. Kreyenschmidt, “Assessment of monetary implications of IoT-based temperature monitoring in supply chains
of fresh plant-based produce,” Agricultural and Food Economics, vol. 13, no. 1, Dec. 2025, doi: 10.1186/s40100-025-00443 -w.
D. P. Castro, H. Diaz, J. Soto, and M. O. Urban, “LysipheN: a gravimetric [oT device for near real-time high-frequency crop
phenotyping: a case study on common beans,” Plant Methods, vol. 20, no. 1, Mar. 2024, doi: 10.1186/s13007-024-01170-x.

K. A. S. Mohammed, H. M. Hussein, and A. M. S. Elshamly, “Monitoring plant responses in field-grown peanuts exposed to
exogenously applied chitosan under full and limited irrigation levels,” Scientific Reports, vol. 14, no. 1, Mar. 2024,
doi: 10.1038/s41598-024-56573-6.

V. K. Swain, N. Padhy, R. Panigrahi, and K. K. Sahu, “Exploring chili plant health: a comprehensive study using IoT sensors and
machine leamning classifiers,” in Proceedings of Sixth Doctoral Symposium on Computational Intelligence, 2024,
doi: 10.3390/proceedings2024104024.

Y. Li, T. Wang, H. Zu, S. Liu, and L. Zu, “Explainable Al-driven interpretation of environmental drivers of tomato fruit expansion
in smart greenhouses using [oT sensing,” Scientific Reports, vol. 15, no. 1, Nov. 2025,doi: 10.1038/s41598-025-24800-3.

S. V. Kumar et al., “loT-based smart drip irrigation scheduling and wireless monitoring of microclimate in sweet corn crop under
plastic mulching,” frrigation Science, vol. 43, no. 5, pp. 1107-1126, Sep. 2025, doi: 10.1007/s00271-024-00945-3.

W. Atmadja, I. Alexander, F. B. Santoso, B. Christianto, and A. M. R. Arrahman, “loT-based soil moisture and water level
monitoring system in rice fields,” Innovative Technologies in Intelligent Systems and Industrial Applications, pp. 200-209, 2026,
doi: 10.1007/978-3-032-10898-2_16.

N. S. Sayem e al, “loT-based smart protection system to address agro-farm security challenges in Bangladesh,” Smart
Agricultural Technology, vol. 6, Dec. 2023, doi: 10.1016/j.atech.2023.100358.

A. A. Laghari, H. Li, A. A. Khan, Y. Shoulin, S. Karim, and M. A. K. Khani, “Internet of things (IoT) applications security trends
and challenges,” Discover Internet of Things, vol. 4, no. 1, Dec. 2024, doi: 10.1007/s43926-024-00090-5.

A. Lamberty and J. Kreyenschmidt, “Technical, process-related and sustainability requirements for IoT-based temperature
monitoring in fruit and vegetable supply chains,” Discover Food, vol. 5, no. 1, May 2025, doi: 10.1007/s44187-025-00427-1.

S. A. Zahrai and M. Onabajo, “Review of analog-to-digital conversion characteristics and design considerations for the creation of
power-efficient hybrid data converters,” Journal of Low Power Electronics and Applications, vol. 8, no. 2, Apr. 2018,
doi: 10.3390/j1pea8020012.

M. Grossi, “Efficient and accurate analog voltage measurement using a direct sensor-to-digital port interface for microcontrollers
and field-programmable gate arrays,” Sensors, vol. 24, no. 3, 2024, doi: 10.3390/524030873.

M. Blessing and S. R. Chanthati, “Designing a microcontroller-based embedded system for high-precision voltage measurement
and monitoring,” ResearchGate, 2024.

M. Saleh, I. H. Elhajj, D. Asmar, 1. Bashour, and S. Kidess, “Experimental evaluation of low-cost resistive soil moisture sensors,”
in 2016 IEEE International Multidisciplinary Conference on Engineering Technology, IMCET 2016, 2016, pp. 179-184,
doi: 10.1109/IMCET.2016.7777448.

S. Matula, K. Bat’kova, and W. L. Legese, “Laboratory performance of five selected soil moisture sensors applying factory and
own calibration equations for two soil media of different bulk density and salinity levels,” Sensors, vol. 16, no. 11, 2016,
doi: 10.3390/s16111912.

A. A. Abdelmoneim, C. M. A. Kalaany, R. Khadra, B. Derardja, and G. Dragonetti, “Calibration of low-cost capacitive soil
moisture sensors for irrigation management applications,” Sensors, vol. 25, no. 2, 2025, doi: 10.3390/s25020343.

E. A. A. D. Nagahage, I. S. P. Nagahage, and T. Fujino, “Calibration and validation of a low-cost capacitive moisture sensor to
integrate the automated soil moisture monitoring system,” Agriculture, vol. 9, no. 7, 2019, doi: 10.3390/agriculture9070141.

R. H.-Meza, E. O.-Gonzalez, N. E.-Garcia, J. A. D.-Aguilar, M. M. Rivera, and P. V.-Jacques, “Cost-effective and portable
instrumentation to enable accurate pH measurements for global industry 4.0 and vertical farming applications,” Applied Sciences,
vol. 12, no. 14, 2022, doi: 10.3390/app12147038.

N. F. Gesa, I. Ahemen, A. N. Amah, and A. D. Onojah, “Design implementation of a logger-based digital thermometer,”
European Modern Studies Journal, vol. 8, no. 2, pp. 358-366, 2024, doi: 10.59573/emsj.8(2).2024.31.

B. J. C. Ambrosio, N. Z. Simon, and N. P. Hermosa, “Characterizing a light dependent resistor (LDR) response to a laser diode
using Malus’ Law,” in Proceedings of the Samahang Pisika ng Pilipinas, 2022, vol. 40, no. October, pp. 1-5.

P. L. Bora and A. K. Nanda, “Application of SMA and EMA algorithms for smoothing of data corrupted by random noise and
comparison of their performances,” International Journal of Engineering Research & Technology, vol. 2, no. 2, pp. 1-8, 2013,
doi: 10.17577/IJERTCONV 11S03018.

Int J Adv Appl Sci, Vol. 15, No. 1, March 2026: 384-395



Int J Adv Appl Sci ISSN: 2252-8814 ) 395

BIOGRAPHIES OF AUTHORS

Sekar Sari (T 2 received her Bachelor’s degree in Electrical Engineering from
Universitas Ahmad Dahlan, Yogyakarta, Indonesia, in 2019. She also received a Master’s
degree in Electrical Engineering from Universitas Gadjah Mada, Yogyakarta, Indonesia, in
2022. She is currently a lecturer in the Diploma Program of Electrical Technology, Politeknik
Intemasional Tamansiswa Mojokerto, Indonesia. Her research interests include electronics
design, computer engineering, information technology, and applied computing. She can be
contacted at email: sekarsari103@gmail.com.

Oktavia Citra Resmi Rachmawati ©© BJ B8 © received her Bachelor’s degree in Computer
Engineering from the Politeknik Elektronika Negeri Surabaya (PENS), Indonesia, in 2022.
She also received a Master’s degree in Computer Engineering from the same nstitution in
2024. She is currently a lecturer in the Diploma Program of Computer Technology at
Politeknik Intemasional Tamansiswa Mojokerto, Indonesia. Her research interests include
deep leaming, data analysis, and project management. She can be contacted at email:
citra.research@gmail.com.

Prof. Ir. Tole Sutikno, Ph.D., MIET, IPM., ASEAN Eng. BIBS 2 isa full professor in
the Department of Electrical Engineering at Universitas Ahmad Dahlan (UAD) in Yogyakarta,
Indonesia. He has held this position since 2023, having previously served as an associate
professor from 2008. He eamed his bachelor’s degree from Universitas Diponegoro in 1999,
his Master’s degree from Universitas Gadjah Mada in 2004, and his Ph.D. in Electrical
Engineering from Universiti Teknologi Malaysia in 2016, where his doctoral research focused
on advanced digital power electronics and intelligent control systems. From 2016 to 2021, he
served as the Director of the Institute for Scientific Publishing and Publications (LPPI) at
UAD, where he led initiatives to strengthen research visibility, journal management, and
intemational collaboration in scholarly publishing. Since 2024, he has served as the head of
the master's program in electrical engineering at UAD, following his leadership of the
undergraduate program in electrical engineering in 2022. He is also the founding leader of the
Embedded Systems and Power Electronics Research Group (ESPERG), which actively
collaborates with both national and intemational institutions on topics such as fault-tolerant
embedded systems, FPGA-based control, and renewable energy integration. He is widely
acknowledged for his contributions to digital design, industrial electronics, motor drives,
robotics, intelligent systems, and Al-based automation. His interdisciplinary research
emphasizes practical deployments in industrial and healthcare contexts, covering FPGA
applications, embedded systems, power electronics, and digital libraries. He has published
380 peer-reviewed articles in high-impact joumals and conferences indexed by Scopus. As of
2025, Google Scholar indicates over 6,000 citations, with an h-index of 36 and an 110-index of
174. In recognition of his global research impact, he has been listed among the Top 2% of
Scientists Worldwide by Stanford University and Elsevier BV from 2021 to the present, a
distinction based on standardized citation metrics across all scientific disciplines. He can be
contacted at email: tole@te.uad.ac.id.

Adaptive sugarcane monitoring in Mojokerto using a hybrid-powered IoT ... (Sekar Sari)


https://orcid.org/0000-0002-9436-255X
https://scholar.google.com/citations?view_op=list_works&hl=en&hl=en&user=AVkq7JkAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57451101700
https://orcid.org/0009-0003-1557-4509
https://scholar.google.com/citations?hl=en&user=2lptF90AAAAJ
https://www.scopus.com/authid/detail.uri?authorId=58527665700
https://orcid.org/0000-0002-1595-2915
https://scholar.google.com/citations?user=haR50igAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=35794013800
https://www.webofscience.com/wos/author/record/2280719

