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Sustainable agriculture faces increasing challenges due to climate variability,
which affects crop productivity and resource efficiency. This study proposes
a sustainable greenhouse system that integrates internet of things (IoT)
sensors and machine learning models to optimize the microclimate for
lettuce cultivation. Environmental data, including temperature, humidity,
and light intensity, were collected through 10T sensors and processed using
machine learning algorithms, specifically neural networks and support
vector machines (SVM), implemented on the Orange data mining platform.
The results indicate that the neural network model achieved superior
performance, reaching an accuracy of 99.99% in predicting optimal
greenhouse climate conditions, outperforming the SVM model. The best-
performing model was subsequently implemented on an Arduino-based loT
system to automatically regulate greenhouse conditions. The proposed
system improved resource efficiency and supported optimal lettuce growth

while promoting sustainable agricultural practices. These findings
demonstrate that integrating loT and machine learning can enhance
greenhouse management, contributing to climate-resilient agriculture and
improved food production systems.
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1. INTRODUCTION

Agriculture plays a crucial role in the Peruvian economy and in ensuring food security. In recent
years, the population has shown growing concern about food quality and safety, particularly regarding
contaminants and residues associated with agricultural production. This trend has increased the demand for
sustainable agricultural strategies capable of reducing environmental risks while promoting ecosystem
regeneration and healthier food systems [1], [2]. However, agricultural production remains vulnerable to
several factors throughout the food supply chain, including harvesting, transportation, processing, and
storage, where contamination and product deterioration may occur.

Climate change has intensified these challenges, especially in countries with high agricultural
dependence such as Peru. Variations in temperature and humidity can accelerate the spread of pests and plant
diseases, negatively affecting crop productivity and food safety. In this context, the integration of the internet
of things (loT) into agriculture has emerged as a promising technological approach for monitoring
environmental conditions, improving crop management, and optimizing agricultural production. 10T systems
allow continuous monitoring of variables such as temperature, humidity, and solar radiation, providing real-
time information that supports more precise agricultural decisions. Nevertheless, the adoption of these
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technologies still faces several limitations, including implementation costs, cybersecurity concerns, and
limited technical training among rural farmers [3]-[5].

Greenhouse cultivation represents an effective strategy for mitigating environmental variability by
providing controlled conditions for plant development. Through the regulation of climatic factors such as
temperature, humidity, and light exposure, greenhouse systems can improve crop productivity and quality
while reducing exposure to pests and extreme weather conditions [6]—[8]. In particular, lettuce is one of the
most widely cultivated horticultural crops in Peru and is highly sensitive to environmental fluctuations that
may disrupt its growth cycle and reduce yields. For this reason, the use of controlled agricultural
environments combined with sustainable practices such as regenerative agriculture has gained increasing
attention in recent years [9]-[11].

Recent advances in loT and artificial intelligence (Al) have further expanded the potential of smart
agriculture. By integrating sensors, data processing systems, and machine learning algorithms, agricultural
systems can analyze environmental data and automatically adjust cultivation conditions to improve crop
performance. These technologies enable real-time monitoring, improved resource management, automation
of agricultural processes, and reduction of operational costs, ultimately contributing to more efficient and
sustainable farming systems [12]-[15]. Despite these advances, most existing studies primarily focus on
environmental monitoring rather than on integrating predictive machine learning models capable of
optimizing greenhouse microclimate conditions in real time [16]-[19].

Despite the significant progress in 10T and Al applications in agriculture, current approaches still lack
robust integration between real-time sensing systems and predictive machine learning models for precise
microclimate optimization. Furthermore, there is limited research focusing on the application of such integrated
systems for specific crops like lettuce in developing agricultural contexts such as Peru, where technological
adoption and environmental challenges differ from those in more industrialized regions [20]-[22].

Therefore, this study aims to design, develop, and evaluate a sustainable greenhouse prototype that
integrates 10T sensors with machine learning models to optimize the microclimate for lettuce cultivation. The
proposed system collects environmental data and applies artificial neural networks (ANN) and support vector
machine (SVM) algorithms to predict optimal climatic conditions for crop growth. The main contributions of this
research include: i) the design of an loT-based data acquisition system for real-time environmental monitoring,
ii) the comparative evaluation of machine learning models for climate prediction, and iii) the implementation of
an intelligent control mechanism to improve environmental regulation. This approach enhances greenhouse
efficiency and supports sustainable agricultural practices through data-driven decision-making.

2. METHOD

This section describes the design of the electronic circuit, the construction of the automated
greenhouse prototype, and the implementation of machine learning models used to analyze and optimize the
greenhouse microclimate. These stages enable the monitoring and regulation of environmental variables
influencing lettuce growth through the integration of loT technologies and data-driven approaches.

2.1. Electronic circuit design

The electronic circuit was designed to integrate environmental sensors, actuators, and
microcontrollers to enable automated monitoring and control of the greenhouse microclimate. The system
architecture is based on an Arduino Uno microcontroller, which functions as the main controller responsible
for acquiring sensor data and activating actuators based on predefined environmental thresholds.

The wiring diagram assigns specific nomenclature to each pin connection to facilitate system integration
and scalability. Identical pin labels between components indicate direct electrical connections. For instance, the
UV sensor includes three pins labeled OUT2, 5 VDC, and GND, which are connected to the corresponding
Arduino Uno pins. This structured configuration ensures reliable communication between sensors, actuators, and
control modules. The complete circuit configuration is shown in Figure 1, which illustrates the integration of
sensors, actuators, LCD display, relay modules, and microcontroller units. This configuration enables real-time
acquisition and automated regulation of key environmental parameters inside the greenhouse.

2.2. Construction of the greenhouse prototype

A small-scale greenhouse prototype was developed to provide a controlled environment for lettuce
cultivation and to validate the proposed loT-based monitoring and control system. The structure was
designed using lightweight and low-cost materials to ensure ease of replication and scalability.

The main structure was built using “-inch PVC pipes and a 5 mm acrylic base, providing
mechanical stability while maintaining adequate light transmission. Table 1 summarizes the materials used in
the construction process, including their quantities and dimensions.
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Figure 1. Wiring diagram of sensors, actuators, LCD display, 4-channel relay, and Arduino modules

Table 1. Greenhouse materials
Item Material Quantity Measurements (cm)
%" PVC water pipe 24 50 70
1" 45° elbow
%" 90° elbow
%" female plug
Acrylic sheet
Saw blade
PVC glue
3x%16 mm screws
Plastic bag
UTP cable (m)
Black corrugated hose (m)
Organic prepared soil (kg)

80x45

80x40

NN
SREBoo~vourwNR
N = =

VBo~vogrrNvENnAN

The construction process of the greenhouse structure is illustrated in Figure 2. Initially, the PVC pipes
were measured and cut to the required dimensions (Figure 2(a)). Subsequently, 45° and 90° elbows were
assembled using adhesive and reinforced with screws to ensure structural stability (Figure 2(b)). Then, 24 cm
and 50 cm pipes were connected to form the main frame, followed by the integration of 70 cm vertical supports
to complete the structure (Figure 2(c)). The acrylic base was then attached (Figure 2(d)), and finally, the
structure was covered with plastic material, leaving designated openings for ventilation and access (Figure 2(g)).

Within the loT framework, Table 2 presents the sensors and actuators used in the system. Three
primary sensors were selected based on their measurement range and compatibility with the crop
requirements: the DHT11 sensor for temperature and relative humidity, the UV sensor for radiation
monitoring, and the FC-28 soil moisture sensor for irrigation control. These sensors enable the acquisition of
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critical environmental parameters for lettuce cultivation. The system also incorporates actuators responsible
for environmental regulation, including a DC motor pump for irrigation, two 12 V fans for temperature and
humidity control, and a UV LED strip for supplemental lighting. This integration allows automated responses
to environmental variations, improving crop conditions and system efficiency.

Figure 2. Greenhouse design; (a) cutting of pipes, (b) joining of elbows and plugs, (c) joining of structures,
(d) joining of structure and base, and (e) lining of structure

Table 2. Sensors and actuators for the greenhouse
Item  Sensors and actuators  Quantity  ltem  Sensors and actuators  Quantity

1 UV light roll 1 7 YL-69 1
2 12 Vv DC motor pump 1 8 UV-SENS 1
3 Fan 12 V DC 2 9 SD module 1
4 Arduino One 1 10 ENC28J60 1
5 Arduino Nano 1 11 HW-316 1
6 DHT11 1

Figure 3 presents the system flowchart based on a master—slave architecture. The Arduino Uno acts
as the master controller, responsible for reading environmental variables such as temperature, soil moisture,
and UV radiation, and making control decisions based on predefined thresholds. For example, when the
temperature falls below 15 °C, the UV LED system is activated to maintain optimal conditions, whereas
temperatures above 20 °C trigger the activation of cooling fans.

Arduino Nano Flowchart
(Slave)

Arduino UNO Flowchart
(Master)

| IE

Initialize display.

Initialize Ethernet
sensors and relays

and configure
server

‘I ‘e

"

Reading soil .
/ moisture (YL-69) e

]

Reading Read UV level (UV
tem perature and Sensor)
hum idity (DHTL1)

Display dataon |, Store data (Temp
screen : ‘ Humid., UV)

No | boes nothing, wait:
Yes Yes iew data on the 08 N0 ing. Wails
—. Turn on UV light ] T”"‘":ﬂ':i water B Tf Humd < 60% > Web> for instruction
‘ No

| I

I

i
04

| No l
Yes .
H Tomonfont | Temonfmz bt 00> e
| No No
‘ i |
Jeupoptinol Hum dfty optimum
ks Mot SOFF [—
Vent. 1= OFF ot e Repeat Cycle

Send data Arduino |,
Nano

Repeat Cycle

)

Figure 3. Arduino Uno and Arduino Nano flowchart operation
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Similarly, soil moisture levels are continuously monitored to regulate irrigation through the motor
pump. When moisture levels fall below 60%, the irrigation system is activated, while excessive humidity
levels above 80% trigger ventilation mechanisms.

The Arduino Nano operates as a slave unit, handling data transmission, storage, and visualization
through a web interface. It receives data from the master controller and dynamically displays system status,
enabling remote monitoring without interfering with control decisions. This architecture ensures efficient
system operation by separating control and visualization tasks, improving reliability and scalability.

The testing and installation of sensors and actuators are illustrated in Figure 4. Initially, preliminary
evaluations were conducted to ensure accurate readings of temperature, UV radiation, and soil moisture, as
well as to verify the proper functioning of the relays under predefined conditions (Figure 4(a)). Subsequently,
the system wiring was carried out using UTP cable, selected for its compatibility with the sensor terminals
and the Arduino platform (Figure 4(b)). Sensors were strategically placed at the center of the greenhouse to
maximize measurement accuracy. In addition, the UV LED strip was installed at the top to ensure uniform
light distribution, two fans were mounted to regulate temperature and humidity, and the motor pump was
positioned near a water container to facilitate irrigation.

(b)

Figure 4. Testing of sensors and actuators; (a) installation of sensors and (b) actuators in the greenhouse

2.3. Machine learning application

Environmental data collected by IoT sensors were stored and exported in CSV format for machine
learning analysis. The dataset was processed using the Orange data mining platform to evaluate predictive models
capable of identifying optimal greenhouse microclimate conditions. The models analyze environmental variables
such as temperature, soil moisture, and UV radiation to predict whether the greenhouse conditions are optimal for
lettuce growth. This approach enables data-driven decision-making and enhances system automation.

2.3.1. Data processing

The dataset consists of 2,999 records containing temperature, soil humidity, and UV radiation data.
A training set comprising 70% of the data was used to build the models, while the remaining 30% was
reserved for testing. Data normalization was applied to ensure consistency across variables and improve
model performance. Additionally, derived features were created, including temperature condition, soil
moisture condition, and UV condition, which classify environmental values into categories such as optimal,
excessive, or deficient. These preprocessing steps reduce noise, enhance pattern recognition, and improve the
predictive accuracy of the machine learning models. A sample of the dataset is presented in Table 3.

2.3.2. Application of machine learning models
The greenhouse microclimate is inherently dynamic and nonlinear, requiring robust models capable
of capturing complex relationships among environmental variables [21]-[24]. In this study, two machine
Iearnlng techniques were applied: ANN and SVM.
Neural networks: suitable for capturing nonlinear relationships, mimicking brain-like learning and
adaptability [25]. In this study, the ANN model predicts whether greenhouse conditions are optimal based
on temperature, soil moisture, and UV radiation data.
— SVM: useful for classification tasks, separating climate data (temperature, humidity, and UV) into
categories such as sunny, rainy, or cold [26]. In this context, SVM is used to classify environmental
conditions into categories such as optimal, excessive, or deficient.
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Table 3. Database
Item Temperature Soil humidity (%) UV level T. condition S. condition UV condition

1 21.8 72 1 Excessive  Optimal Optimal
2 20.6 82 3 Optimal Excessive

3 20.6 79 3 Optimal

4 20.6 79 3

5 20.6 79 3

6 20.6 78 3

7 20.6 78 3

8 20.6 78 3

9 20.6 78 3

10 20.6 7 3

11 20.6 7 3

12 20.6 7 3

13 20.6 7 3

14 20.6 7 3

15 20.6 76 3

16 21.8 1 4 Excessive Deficient Excessive
17 21.8 72 4 Optimal

18 218 72 4

19 21.8 72 4

Figure 5 shows two common machine learning approaches. On the left is a neural network,
represented as interconnected nodes that simulate the way the human brain processes information and learns
complex patterns. On the right is an SVM, illustrated by data points separated by a line that defines the
optimal classification boundary between different classes.

=

Neural Network SVM

Figure 5. Intelligent models

In the training process (see Figure 6), the two machine learning models (neural networks and SVM)
are selected and connected to the "Test and Score™ widget. This indicates that each model is trained with the
same data, and its performance is evaluated using the same parameters. The results of the trained models can
be analyzed in the viewer called a distribution diagram (see Figure 7).
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Figure 6. Training in intelligent models

Sustainable greenhouse using loT and machine learning to optimize the ... (Rudy Ivan Jamjachi Yauri)



2144 O3 ISSN: 2302-9285

25 5
® Excessive BN Deficient

® Optima Bl Excessive
Optimum

Frequency
- N w IS

0 BN BN BN B BN BN BN BN OEN :
215 ! <68% 68% 69% 0% T1% 72% 73% 74% /5% 76% 77% 78% 79% 80% 81% 2% 83% :84%

Temperature Soil Moisture (%)

20

Bl Optimum

Frequency

0 1 2 3 4 5
Level L.V.

Figure 7. Distribution diagram

3. RESULTS AND DISCUSSION

The performance of the machine learning models was evaluated using several classification metrics
obtained through the Test and Score procedure. This evaluation compares the predicted results generated by
each model with the actual outcomes from the test dataset, allowing the reliability and predictive capability
of each algorithm to be assessed.

Table 4 presents the performance comparison between the SVM and the ANN models using
evaluation metrics including area under the curve (AUC), Fl-score, precision, recall, and Matthews
correlation coefficient (MCC). The results indicate that both models achieved high predictive performance;
however, the ANN consistently outperformed the SVM across all evaluation metrics. In particular, the ANN
obtained an AUC value of 0.999 compared to 0.988 for the SVM, demonstrating superior classification
capability and a stronger ability to discriminate between optimal and non-optimal greenhouse conditions.
Similarly, slight improvements in F1-score, precision, recall, and MCC indicate that the ANN provides more
accurate and stable predictions.

Table 4. Performance comparison: SVM vs. neural network
Model AUC Fl-score Precision Recall MCC
SVM 0988 0990  0.990 0.990 0.980
Neural network 0.999  0.991 0.991 0991 0.981

The superior performance of the ANN can be attributed to its ability to model complex nonlinear
relationships among environmental variables such as temperature, soil humidity, and UV radiation.
Greenhouse microclimates are inherently dynamic systems influenced by multiple interacting factors, making
them difficult to model using linear or semi-linear approaches. ANN models are particularly effective in
capturing these nonlinear interactions due to their layered architecture and adaptive learning capabilities. In
contrast, the performance of SVM s highly dependent on the selection of kernel functions and
hyperparameters. Improper tuning may limit its ability to generalize complex environmental patterns,
especially in datasets with high variability. Furthermore, ANN models demonstrate greater flexibility when
handling continuous sensor data and can adapt more effectively to variations in environmental conditions.
This explains the consistently higher predictive accuracy observed in the ANN model compared to the SVM.

ROC analysis: as a second metric, the ROC curve analysis was performed for the neural network
and SVM in predicting the optimal climate for the greenhouse [27]. ROC curve analysis was performed to
further evaluate the classification performance of both models. As shown in Figure 8, the ANN achieved an
AUC value of 0.999, indicating near-perfect classification performance in distinguishing optimal greenhouse
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conditions. The SVM model obtained an AUC value of 0.988, which also reflects strong performance but
with slightly lower discrimination capability. The ROC curve illustrates the trade-off between true positive
rate and false positive rate. The ANN curve is closer to the top-left corner of the graph, indicating better
sensitivity and specificity. This confirms that the ANN model is more reliable in identifying optimal
microclimate conditions.

Figure 8. Distribution diagram

Performance curve: Figure 9 presents the performance curve analysis for both models. The ANN
achieved a value close to 1, indicating highly reliable predictive performance and strong model stability. In
contrast, the SVM model obtained a slightly lower value (0.991), demonstrating good performance but
reduced predictive consistency. This result suggests that the ANN model is more robust in handling
variations in environmental data and is better suited for real-time greenhouse applications where conditions
may change dynamically.

Confusion matrix: the fourth metric analyzed was the confusion matrix [28]. As shown in Figure 10,
the SVM model correctly classified 1,254 samples as “NOT OPTIMAL,” with 13 false negatives. For the
“OPTIMAL” category, the model achieved 826 true positives and 7 false positives. Similarly, the ANN
model correctly classified 1,255 samples as “NOT OPTIMAL,” with 13 false negatives, and achieved 826
true positives with only 6 false positives. This indicates a slight reduction in classification errors compared to
the SVM model. The lower number of false positives in the ANN model is particularly important, as it
reduces incorrect activation of greenhouse control systems, leading to more efficient resource utilization and
improved system reliability.

Overall, both models demonstrate strong predictive capability; however, the ANN consistently
shows superior performance across all evaluation metrics. This advantage is primarily due to its ability to
generalize complex nonlinear relationships among environmental variables and adapt to dynamic conditions.
The results confirm that machine learning techniques can effectively predict greenhouse microclimate
conditions, enabling more efficient and automated environmental control within loT-based agricultural
systems. By accurately identifying optimal climate conditions for lettuce cultivation, the proposed system

Sustainable greenhouse using loT and machine learning to optimize the ... (Rudy Ivan Jamjachi Yauri)



2146 O3 ISSN: 2302-9285

enhances decision-making processes, improves resource efficiency, and supports sustainable agricultural
practices. Furthermore, the integration of 10T and machine learning provides a scalable and intelligent
solution for modern greenhouse management, contributing to climate-resilient agricultural systems.
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Figure 10. Confusion matrix

4. CONCLUSION

This study presented the design, development, and implementation of an intelligent greenhouse
system that integrates 10T technologies with machine learning models to optimize the microclimate for
lettuce cultivation. The proposed system enables continuous monitoring of key environmental variables,
including temperature, soil moisture, and ultraviolet radiation, facilitating automated and data-driven
decision-making for greenhouse management.

The experimental results demonstrated that both models achieved high predictive performance;
however, the ANN consistently outperformed the SVM across all evaluation metrics. In particular, the ANN
achieved an accuracy of 99.9% and an AUC value of 0.999, compared to 99.0% accuracy and 0.988 AUC for
the SVM. Furthermore, the confusion matrix analysis confirmed that the ANN reduced classification errors,
particularly false positives, improving the reliability of the system in identifying optimal greenhouse
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conditions. These findings indicate that ANN models are more suitable for modeling complex and nonlinear
greenhouse microclimate dynamics, enabling more precise environmental control. The integration of loT-
based monitoring with machine learning prediction enhances greenhouse efficiency by optimizing resource
utilization, reducing unnecessary actuator activation, and supporting sustainable agricultural practices.

The main contribution of this research lies in the development of an integrated loT—machine
learning framework capable of predicting and regulating greenhouse conditions in real time, providing a
scalable solution for intelligent agriculture. For future work, it is recommended to validate the proposed
system in larger-scale greenhouse environments, extend its application to different crop types, and integrate
cloud-based platforms for remote monitoring and data analysis. Additionally, incorporating a wider range of
environmental sensors and exploring advanced machine learning techniques could further improve system
accuracy, adaptability, and scalability.

ACKNOWLEDGMENTS

The authors sincerely thank the Universidad Tecnol6gica del Peru for providing the academic and
technological support necessary for the development of this research. Special recognition is also given for
facilitating the laboratory resources and guidance that made possible the implementation of the smart
greenhouse prototype.

FUNDING INFORMATION
The authors state that no funding was involved in this research.

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
Rudy Ivan Jamjachi v v v v v v v v v v
Yauri

Jorge Raul Herbozo v v v v v v v v v v
Ramirez

Christian Ovalle v v v v v v 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
The authors declare that they have no conflict of interest.

INFORMED CONSENT
Not applicable.

ETHICAL APPROVAL
Not applicable.

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

Sustainable greenhouse using loT and machine learning to optimize the ... (Rudy Ivan Jamjachi Yauri)



2148 O3 ISSN: 2302-9285

REFERENCES

[1]  B. N. Mohapatra, R. V. Jadhav, and K. S. Kharat, “A Prototype of Smart Agriculture System Using Internet of Thing Based on
Blynk Application Platform,” Journal of Electronics, Electromedical Engineering, and Medical Informatics, vol. 4, no. 1, pp. 24—
28, Jan. 2022, doi: 10.35882/jeeemi.v4il.2.

[2]1 R. M. G. Martinez, “Contaminacion de los alimentos durante los procesos de origen y almacenamiento,” Aldaba, no. 36, pp. 51—
64, Dec. 2017, doi: 10.5944/aldaba.36.2012.20530.

[3] E. Valdés, E. Collado, and Y. Saez, “loT-based system for temperature and relative humidity monitoring in greenhouses,” in
Proceedings of the LACCEI International Multi-Conference for Engineering, Education and Technology, 2020, pp. 27-31, doi:
10.18687/LACCEI2020.1.1.113.

[4] M. M. Uttsha, A. K. M. N. Haque, T. T. Banna, S. A. Deowan, M. A. Islam, and H. M. H. Babu, “Enhancing agricultural
automation through weather invariant soil parameter prediction using machine learning,” Heliyon, vol. 10, no. 7, pp. 1-10, Apr.
2024, doi: 10.1016/j.heliyon.2024.e28626.

[5] B. Dey, J. Ferdous, and R. Ahmed, “Machine learning based recommendation of agricultural and horticultural crop farming in
India under the regime of NPK, soil pH and three climatic variables,” Heliyon, vol. 10, no. 3, pp. 1-13, Feb. 2024, doi:
10.1016/j.heliyon.2024.e25112.

[6] I. Ardiansah, E. V. Nusantara, S. H. Putri, and R. H. Permana, “A study on microclimate monitoring and control inside
greenhouse using fans automation,” Indonesian Journal of Electrical Engineering and Computer Science, vol. 33, no. 1, pp. 101—
112, Jan. 2024, doi: 10.11591/ijeecs.v33.il.pp101-112.

[71 Y. A. Q. Castaflo, “La agricultura regenerativa como una alternativa para la conservacion de los suelos degradados a causa del
sistema agroindustrial en Colombia,” Specialization degree work, University of Antioquia, Medellin, Colombia, 2021.

[8] F. V. A. Vega, “Benefits of regenerative agriculture on soil health,” RECIAMUC, vol. 8, no. 2, pp. 665-677, 2024, doi:
10.26820/reciamuc/8.(2).april.2024.665-677.

[91 A. Sher, H. Li, A. Ullah, Y. Hamid, B. Nasir, and J. Zhang, “Importance of regenerative agriculture: climate, soil health,
biodiversity and its socioecological impact,” Discover Sustainability, vol. 5, 2024, doi: 10.1007/s43621-024-00662-z.

[10] K. J. Bergstrand, “Organic fertilizers in greenhouse production systems — a review,” Scientia Horticulturae, vol. 295, pp. 1-8,
Mar. 2022, doi: 10.1016/j.scienta.2021.110855.

[11] E. Marin-Garcia, J.-N. Torres-Marin, and A. Chaverra-Lasso, “Smart Greenhouse and Agriculture 4.0,” Revista Cientifica, vol.
46, no. 1, pp. 37-50, Jan. 2023, doi: 10.14483/23448350.19816.

[12] E. Alreshidi, “Smart Sustainable Agriculture (SSA) solution underpinned by Internet of Things (IoT) and Artificial Intelligence
(AI),” arXiv preprint, 2019, doi: 10.48550/arXiv.1906.03106.

[13] C. Maraveas and T. Bartzanas, “Aplicacién de internet de las cosas (IoT) para entornos de invernadero optimizados,” Magna
Scientia UCEVA, vol. 2, no. 2, pp. 253-268, Dec. 2022, doi: 10.54502/msuceva.v2n2all.

[14] K. Wang et al., “How does the Internet of Things (IoT) help in microalgae biorefinery?” Biotechnology Advances, vol. 54, p.
107819, Jan. 2022, doi: 10.1016/j.biotechadv.2021.107819.

[15] K. L. Raju and V. Vijayaraghavan, “loT Technologies in Agricultural Environment: A Survey,” Wireless Personal
Communications, vol. 113, no. 4, pp. 2415-2446, Aug. 2020, doi: 10.1007/s11277-020-07334-x.

[16] D. L Patricio and R. Rieder, “Computer vision and artificial intelligence in precision agriculture for grain crops: A systematic
review,” Computers and Electronics in Agriculture, vol. 153, pp. 69-81, Oct. 2018, doi: 10.1016/j.compag.2018.08.001.

[17] M. G. V. Rueda, M. L. Reyes, F. G. F. Garcia, and H. A. M. Casillas, “Redes neuronales aplicadas al control de riego usando
instrumentacion y andlisis de iméagenes para un micro-invernadero aplicado al cultivo de Albahaca,” Research in Computing
Science, vol. 147, no. 5, pp. 93-103, Dec. 2018, doi: 10.13053/rcs-147-5-7.

[18] M. S. M. Pandi et al., “IoT Based Greenhouse Condition Monitoring System for Chili Plant Growth,” Journal of Advanced
Research in Applied Sciences and Engineering Technology, vol. 41, no. 1, pp. 142-153, Mar. 2024, doi:
10.37934/araset.41.1.142153.

[19] E. J. M. Perdomo, “Sistema Inteligente de automatizacion, monitoreo y control de invernaderos mediante uso de loT y el
microcontrolador ESP-32 con aplicacion de aprendizaje automatico,” in Encuentro Internacional de Educacion en Ingenieria,
Sep. 2023, pp. 1-11, doi: 10.26507/paper.2818.

[20] F. M. Mohsen, H. M. Mjbel, A. F. Challoob, R. Alkhazaleh, and A. Alahmer, “Advancements in green hydrogen production: A
comprehensive review of prospects, challenges, and innovations in electrolyzer technologies,” Fuel, vol. 404, p. 136251, Jan.
2026, doi: 10.1016/j.fuel.2025.136251.

[21] M. Cakar, M. A. Insel, H. Sadikoglu, and O. Yucel, “Utilization of machine learning algorithms in estimation of syngas fractions
and exergy values for gasification of biomass-lignite mixtures in fixed and fluidized bed gasifiers,” Fuel, vol. 401, p. 135883,
Dec. 2025, doi: 10.1016/j.fuel.2025.135883.

[22] R. Singh et al., “A review of biofuels and bioenergy production as a sustainable alternative: opportunities, challenges and future
perspectives,” Journal of Environmental Health Science and Engineering, vol. 23, no. 2, p. 23, Jul. 2025, doi: 10.1007/s40201-
025-00946-0.

[23] H. Yedla, V. C. S. Naidu, and S. Sharma, “Advancing Quality Control and Predictive Maintenance in Manufacturing with Al
ML, Cloud, and I0T: Supporting Sustainable Development Goals 8, 9, 12, 13, and 17,” in Communications in Computer and
Information Science (CCIS), vol. 2444, 2026, pp. 19-34, doi: 10.1007/978-3-032-01948-6_2.

[24] G. Pizzileo, L. Colizzi, E. Guerriero, T. Adamo, and M. V. Chiriaco, “Resource use efficiency and environmental sustainability in
greenhouse agriculture through loT-based irrigation and fertilization management,” Smart Agricultural Technology, vol. 12, pp.
1-11, Dec. 2025, doi: 10.1016/j.atech.2025.101180.

[25] P. Sahebgouda, S. Maradithaya, and A. Jadhav, “Optimized Deep Learning Model for Pomegranate Disease Detection: A
Convolutional Neural Network Long Short-Term Memory Approach,” International Journal of Engineering, Transactions B:
Applications, vol. 39, no. 5, pp. 1161-1175, 2026, doi: 10.5829/ije.2026.39.05b.10.

[26] A. Mohammadi, J. A. Nasiri, and S. Effati, “Gravitational least squares twin support vector machine based on optimal angle for
class imbalance learning,” Applied Mathematics and Computation, vol. 510, p. 129705, Feb. 2026, doi:
10.1016/j.amc.2025.129705.

[27] D. Qiao, Z. Wang, J. Liu, X. Chen, D. Zhang, and M. Zhang, “EECF: An edge-end collaborative framework with optimized
lightweight model,” Expert Systems with Applications, vol. 297, p. 129319, Feb. 2026, doi: 10.1016/j.eswa.2025.129319.

[28] W. Liu, X. Wang, and J. Zhang, “Enhancing dental disease classification with agent attention infused vision transformer in
conformer architecture,” Biomedical Signal Processing and Control, vol. 112, p. 108373, Feb. 2026, doi:
10.1016/j.bspc.2025.108373.

Bulletin of Electr Eng & Inf, Vol. 15, No. 3, June 2026: 2138-2149



Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 2149

BIOGRAPHIES OF AUTHORS

Rudy Ivan Jamjachi Yauri 4 B3 © student of the Technological University of Peru in
Telecommunications Engineering. He is also a graduate of Electronics and Industrial
Automation at TECSUP. His research interests include loT, power electronics, grounding
systems, structured cabling, fiber optic fusion, and microwave links. He can be contacted at
email: U18211650@utp.edu.pe.

Jorge Raul Herbozo Ramirez £ B4 © student of the Technological University of Peru in
Telecommunications Engineering. His research interests include 10T, fiber optic networks,
cybersecurity, data center management, fiber optic projects, outside plant and inside plant
design, telecommunications base stations, microwave links (Huawei, Ceragon, NEC). He can
be contacted at email: 1524226 @utp.edu.pe.

Dr. Christian Ovalle EJ B 2 is an associate professor at the Faculty of Engineering of
the Technological University of Peru, Lima-Peru. He has a Ph.D. in Systems Engineering with
a specialization in artificial intelligence. His research areas are process mining, business data
analysis and pattern recognition. He is CEO of the 7D consultancy dedicated to the
Investigation of intelligent solutions. He has participated in different research projects,
receiving awards from the Peruvian Ministry of Defense and the Armed Forces Army for the
best general researcher, which is a technology-based company and his innovative products
received national and international recognition. He has filed a number of patents and industrial
designs on his innovative ideas. His research interests include data mining, artificial
intelligence, image/signal processing, bibliometrics, and pattern recognition. He can be
contacted at email: dovalle@utp.edu.pe.

Sustainable greenhouse using loT and machine learning to optimize the ... (Rudy Ivan Jamjachi Yauri)


https://orcid.org/0009-0006-1618-8310
https://scholar.google.com/citations?hl=es&user=aM6hAdUAAAAJ
https://www.webofscience.com/wos/author/record/LFT-0254-2024
https://orcid.org/0009-0002-5941-8527
https://scholar.google.com/citations?user=TgrKl9QAAAAJ&hl=es
https://www.webofscience.com/wos/author/record/LFT-1090-2024
https://orcid.org/0000-0002-5559-5684
https://scholar.google.com/citations?user=qajixYQAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57216418881
https://www.webofscience.com/wos/author/record/IUN-2270-2023

