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Abstract

The effects of climate change have altered precipitation patterns, causing extreme weather
events that impact crop yields and increase the demand for agricultural production, which
drives the need to implement emerging technologies. This research presents the design,
construction, and validation of a real-time monitoring system for environmental parameters
in open-field avocado orchards. A four-phase methodology was employed: (1) Establish-
ment of required parameters and construction of the IoT architecture; (2) Design of the
geometry and final elaboration of the system: modeling in SolidWorks, circuit diagrams in
Fritzing, and system assembly; (3) Development of a mobile application: Android Studio
and development of the autoencoder model with machine learning; and (4) Validation:
Evaluation of the wireless link; system implementation and deployment of the mobile
application. The results obtained include a system with a transmitter node equipped with
sensors and a receiver, both incorporating ESP32 and nRF24L01+PA+LNA modules, with a
wireless transmission range of 2300 m. A total of 2016 data records were stored on microSD
and in the cloud, which can be queried, visualized, and analyzed through the mobile
application via Bluetooth or Wi-Fi; the system also detects outlier data that can be used for
decision-making in the agricultural sector.

Keywords: precision agriculture; IoT in agriculture; AI in agriculture; crop health
monitoring; agricultural engineering

1. Introduction
The agricultural sector plays a crucial role in the economic growth of a country [1], ac-

counting for approximately 4% of GDP at the global level, while in low-income economies
it can constitute more than 25% [2]. Rapid population growth has increased food demand,
requiring agricultural production to increase by 70% by the year 2050 [3]. Increasing agri-
cultural productivity through an efficient approach, using fewer resources and less human
effort, is fundamental to ensuring long-term sustainable production [4,5]. At present, the

AgriEngineering 2026, 8, 321 https://doi.org/10.3390/agriengineering8080321

https://crossmark.crossref.org/dialog?doi=10.3390/agriengineering8080321&domain=pdf&date_stamp=2026-08-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agriengineering
https://www.mdpi.com
https://orcid.org/0000-0002-3470-4626
https://orcid.org/0000-0002-1942-9558
https://orcid.org/0000-0003-4285-5720
https://doi.org/10.3390/agriengineering8080321


AgriEngineering 2026, 8, 321 2 of 18

adoption of emerging technologies has proven to be key to mitigating the negative effects
of intensive agricultural practices and optimizing the use of natural resources [6,7]. In
particular, monitoring systems constitute an infrastructure that enables the observation of
variables to detect anomalies and optimize processes in precision agriculture [8]. Likewise,
the Internet of Things (IoT) has demonstrated the potential to transform open-field crops,
making them more efficient in terms of time, cost, and sustainability [9]. Big Data analysis
enables the massive processing of information for more informed decision-making [10,11];
and Artificial Intelligence (AI), through machine learning (ML) and deep learning tech-
niques, improves yield prediction and the detection of problems in crops based on the
analysis of large data volumes [12,13]. In this context, recent advances in control platforms,
communication protocols, and embedded systems have led to the development of cus-
tomized solutions for the monitoring and control of crops, soils, and microclimates [14].
Another important aspect concerns wireless communication technologies, classified ac-
cording to transmission distance into short-range (≤10 m), medium-range (10 m to 100 m),
and long-range (≥100 m), which play a fundamental role in the efficient operation of this
type of system [15]. In addition, the continuous collection of critical variables is essential in
agriculture, including temperature, which causes thermal stress by altering germination,
vegetative growth, and photosynthesis [16]; relative humidity on the leaf surface, which
promotes the proliferation of pathogens [17]; soil moisture deficiency, which induces inter-
nal water stress [18]; and excess ultraviolet (UV) radiation, which causes visible damage to
leaves and fruits [19,20].

This research presents the design, development, and validation of a real-time mon-
itoring system for environmental variables in open-field avocado orchards, considering
air temperature, relative humidity, soil moisture, and UV radiation, structured through
a four-layer IoT architecture that integrates circuit design in Fritzing, node assembly, a
mobile application (app) developed in Android Studio, and a machine learning autoen-
coder model for the analysis of environmental data. Its main contribution is the field
integration and validation of an IoT architecture oriented toward avocado cultivation that
combines environmental data acquisition, long-range wireless communication with the
nRF24L01+PA+LNA module, local and cloud storage, mobile visualization, and detection
of atypical records through unsupervised learning. The result is an environmental mon-
itoring system comprising a transmitter (TX) node that captures environmental variable
information through sensors, and a receiver (RX) node that stores and transmits data to
the cloud, both equipped with a microcontroller, wireless communication module, and
directional antennas, enabling data transmission at 10 min intervals with coverage of up
to 2300 m. The records can be retrieved, visualized, and analyzed in an app via Bluetooth
Low Energy (BLE) or Wi-Fi, alongside an autoencoder model for the detection of atypical
environmental patterns.

Literature Review

In recent years, various studies have reported innovative solutions for monitoring
atmospheric, environmental, and nutritional parameters, seeking to optimize resource
management, increase productivity, and streamline agricultural processes. Regarding
agricultural monitoring systems, Routis and Roussaki [21] presented a prototype based on
Raspberry Pi 4B and Arduino Mega that integrates temperature, UV radiation, and soil
moisture sensors, employed ZigBee (IEEE 802.15.4) communication via XBee Series S2 mod-
ules, and incorporated a weather condition forecasting model; Islam et al. [22] developed an
ESP8266-based system integrated with environmental sensors and ML algorithms, capable
of providing fertilizer recommendations; Chapungo and Postolache [23] implemented a
system with Arduino Uno and LoRaWAN connectivity, deployed in a rural area for 24 h,
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reaching a distance of 1000 m, while Suhag et al. [24] employed GSM communication
technologies for soil moisture and water level control. Likewise, Sabu et al. [25] built an
IoT-based smart sensor node incorporating temperature, soil moisture, and pH sensors
for water condition management through a cloud platform; Ahmed et al. [26] developed a
temperature, soil moisture, and light intensity measurement system for large agricultural
areas using ESP32 and LoRa communication, achieving both simulation and real-time
experimental validation; Kalaivani et al. [27] proposed a smart agricultural infrastructure
that measures real-time indicators, sends data to the cloud, and visualizes them through
graphs. Finally, Azhari et al. [28], Woo-García et al. [29], and Abidin et al. [30] reported
the use of nRF24L01+ modules integrated with a Power Amplifier (PA) and a Low Noise
Amplifier (LNA) in a wireless sensor network (WSN) for monitoring temperature, rela-
tive humidity, and light intensity via Arduino Uno at distances of up to 1000 m under
line-of-sight conditions.

In greenhouses, Zeping et al. [31] designed a smart environmental variable control
system based on ESP32 and the Home Assistant platform with ZigBee sensors, reaching
distances of 140 m under line-of-sight conditions; Sacaleanu et al. [32] proposed a web
platform for the acquisition, storage, and visualization of environmental data with Lo-
RaWAN within a WSN; Sagheer et al. [33] presented an IoT infrastructure integrated with
sensors, actuators, and devices, improving water and energy use efficiency; additionally,
Arregoces-Guerra et al. [34] developed an IoT system implementing nodes with tempera-
ture, humidity, and light intensity sensors with LoRaWAN communication, operating for
three months of continuous monitoring and visualizing records through a web platform;
Guijarro-Rubio et al. [35] used ESP32 and ESP8266 for measuring environmental conditions
over 21 continuous hours, while Hernández-Morales et al. [36] presented an artificial neural
network model for weather prediction 24 h in advance, using data collected from an IoT
monitoring system validated over three months.

Regarding specific crops, Abu Sneineh and Shabaneh [37] designed and built a control
system for hydroponic lettuce using ESP32, Wi-Fi connectivity, and pH, water level, and
temperature sensors; data were managed in the Blynk application for water pump activa-
tion. In open-field plantations, particularly vineyards, Pero et al. [38] incorporated IoT sen-
sors and ML models for agricultural optimization, developing regression and classification
models for frost prediction, soil moisture, and diseases such as downy mildew, obtaining
short-term forecasts with R2 values of up to 0.98 and accuracy of up to 97%; Shahab et al. [39]
built an IoT-based smart agricultural platform for monitoring environmental and nutri-
tional patterns, implemented in a rice field using cloud-connected sensors and an app with
AI for irrigation, fertilization, and disease diagnosis support; López-Velasco et al. [40] used
LoRa TTGO T-Beam 32 modules and an Arduino Mega board for environmental monitoring
in banana plantations, reaching distances of up to 1140 m and monitoring system parame-
ters through web and mobile interfaces; Cruz et al. [41] presented an IoT platform using
LoRa communication and a YOLOv5-based detection model, capable of identifying seven
common diseases with 92% precision. On the other hand, Torres-Quezada et al. [42] inte-
grated soil moisture sensors with remote sensing to optimize irrigation management and
assess water stress in avocado orchards; Rahman et al. [43] incorporated climatic variables
and indices derived from Sentinel-2 imagery to predict alternate bearing via ML models, us-
ing TabPFN and obtaining Accuracy = 0.88 and AUC = 0.95; and Moreno-Bernal et al. [44]
presented a system integrating Arduino Mega and GSM/GPRS communication, collecting
8832 records of environmental parameters relevant to plantation management.
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2. Materials and Methods
2.1. Materials

For the construction of the prototype, the following components were used: an ESP32-
DevKitC-32 development board based on the ESP-WROOM-32 Wi-Fi and Bluetooth mod-
ule (Espressif Systems, Shanghai, China), equipped with a USB Type-C interface and a
CH340C USB-to-UART bridge, a soil moisture sensor (HD-38), an ultraviolet radiation
sensor (GUVA-S12SD), an air temperature and relative humidity sensor (AM2302 DHT22),
a 10 µF capacitor, a 220 Ω resistor, a 2.4 GHz Yagi-type directional antenna, an SMA to RP-
SMA adapter, 18650 lithium-ion cells, nRF24L01+PA+LNA modules, a microSD card reader,
a charging module (SM5308), and SolidWorks Premium 2023 SP4.0, Fritzing 0.9.10 Beta,
Arduino IDE 2.3.4, Android Studio Otter 2025.2.1, and Python 3.10 software.

2.2. Methodology

For the development of the environmental monitoring system, the methodology
described in Figure 1 was considered.

Figure 1. Methodology process.

2.2.1. Determination of Environmental Parameters

Considering the direct influence on the development and health of the crop, the
environmental parameters that affect avocado growth were identified (Table 1).

Table 1. Environmental parameters considered for avocado crop monitoring.

Parameter Influence on the Crop

Temperature [16,45] Germination, vegetative growth, photosynthesis, and
thermal stress.

Relative humidity [17,46] Leaf area, pathogen proliferation, and plant health.

Soil moisture [47] Water availability, water and nutrient absorption, and
water stress.

UV radiation [20,48] Foliar and fruit damage, crop quality, and productivity.

Furthermore, the reference ranges for air temperature, relative humidity, and soil
moisture were established based on technical manuals and agroclimatic studies from the
literature (Table 2).
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Table 2. Reference ranges of environmental parameters for avocado crop cultivation.

Parameter Normal Range

Temperature (◦C) [16,45] 28–33
Relative humidity (%) [17,46] 60–65

Soil moisture (%) [47] 30–50

UV radiation is expressed through the ultraviolet index (UVI) on a dimensionless scale
from 0 to 11, standardized by the World Health Organization [49].

2.2.2. IoT Architecture Construction

The IoT architecture is composed of four layers, three of basic design (Physical, Net-
work, and Application) and one for processing (Figure 2) [36].

Figure 2. IoT system architecture.

Physical Layer

At the physical layer, the system integrates a TX node and an RX node, both comprising
an ESP32 microcontroller, an nRF24L01+PA+LNA module, and a 2.4 GHz Yagi directional
antenna. The TX node incorporates air temperature, relative humidity, and soil moisture
sensors for the acquisition of environmental variable data. UV radiation is measured
with the GUVA-S12SD sensor, from which the UVI is obtained [50,51]. The RX node
includes a microSD card for local storage of received records; accordingly, the power
supply packages of both nodes are assembled independently, using five 18650 lithium-ion
cells with a nominal capacity of 1200 mAh per cell connected in parallel, reaching a total
of approximately 6000 mAh per node. Battery capacity in watt-hours is obtained using
Equation (1):

E =

(
6000 mAh

1000

)
× 3.7 V ≈ 22.2 Wh (1)

where E is the available energy, expressed in watt-hours, and V is the battery voltage [52].
The average power consumed by each node is estimated from the measured supply

voltage and average current, Equation (2):

P = V × I

P = 5.14 V × 0.0569 A ≈ 0.293 W
(2)
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where P is the average power consumed, expressed in watts (W), V is the supply voltage
expressed in volts, and I is the average current consumed in amperes [52].

The theoretical autonomy of each node is estimated from the ratio between the avail-
able battery energy and the average power consumed, Equation (3):

t =
E
P

t =
22.2 Wh
0.293 W

≈ 75.8 h
(3)

where t is the theoretical autonomy time expressed in hours, E is the available energy in
watt-hours, and P is the average power consumed in watts [52].

The selection of components considered the system requirements, device compatibility,
low power consumption, and ease of integration. In this regard, the ESP32 was chosen for
its Wi-Fi and Bluetooth communication capabilities; the environmental sensors for enabling
the recording of the variables defined for crop monitoring; and the nRF24L01+PA+LNA
module and the 2.4 GHz Yagi directional antenna for facilitating a longer-range wireless
link through increased gain and communication directionality [53].

Network Layer

At the network layer, wireless communication between the TX node and the RX node
is established through the nRF24L01+PA+LNA transceiver module and a 2.4 GHz Yagi
directional antenna, considering the link configuration and the data packet structure. The
TX node was configured to operate in deep sleep mode with a 10 min activation interval,
selected to balance power consumption and the recording frequency of environmental
variables; shorter intervals increase power consumption while decreasing data fluctuation,
whereas longer intervals reduce energy usage and increase record variability. Each cycle
activates the ESP32 of the TX node for sensor data acquisition and transmission to the RX
node via the wireless link, returning to deep sleep mode until the next interval (Figure 3a).

For local communication, the TX node is configured as a Bluetooth Low Energy (BLE)
device, while the mobile application implements the connection with the Android Bluetooth
application programming interface (API), including the BluetoothAdapter, BluetoothDe-
vice, BluetoothGatt, and BluetoothLeScanner classes (Figure 3b).

Likewise, the RX node employs the Wi-Fi connectivity of the ESP32 to synchronize
the records with Firebase Realtime Database (free tier), which enables real-time remote
synchronization of environmental records and facilitates integration with the ESP32 and
the mobile application via API, offering a suitable alternative for data storage and retrieval
through a storage structure in JavaScript Object Notation (JSON) format. This enables
access to the information, and in turn the mobile application retrieves the stored data via
Wi-Fi connection (Figure 3c) [53].

Processing Layer

At this layer, data from the monitoring system are processed through two comple-
mentary and independent mechanisms. The first corresponds to the autoencoder model
executed in the mobile application, which jointly evaluates the combination of the four
normalized environmental variables. The established threshold (0.0814) for the records was
obtained using Equation (4) [54]:

τ = µe + 2σe

τ = 0.02414 + 2(0.02863) = 0.08140 ≈ 0.0814
(4)
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where τ = anomaly detection threshold, µe = mean reconstruction error, and σe = stan-
dard deviation.

 
(a) 

 
(b) 

 
(c) 

Figure 3. (a) Communication Scheme and Packet Structure of the nRF24L01+PA+LNA Modules.
(b) BLE Communication Scheme and Packet Structure. (c) Firebase RTDB communication instance
and packet structure.

Errors exceeding the threshold are identified as anomalous. The second mechanism
generates alerts through percentiles: P5 (values below the lower bound of the interval)
indicates a “Low” alert, and P95 (values above the upper bound of the interval) indicates a
“High” alert, while readings within the interval are classified as “Normal”. The percentiles
are dynamically recalculated as new records are incorporated; therefore, these are not uni-
versal agronomic intervals, but rather dynamic statistical limits derived from the observed
behavior of the crop. Both mechanisms can be activated simultaneously or independently,
enabling the identification of both deviations in individual variables and atypical combined
patterns (Figure 4).
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Figure 4. Processing flow on the mobile device.

Application Layer

Finally, at this layer, the mobile application is developed in Android Studio using Java,
oriented toward the visualization, retrieval, and management of information generated by
the environmental monitoring system. The application enables access to the data collected
by the TX node and managed by the RX node through the connections established at
the network layer, both for local retrieval and remote access to information. Here, the
acquired records are available under a local and remote storage scheme, favoring informa-
tion retrieval during temporary communication interruptions, as well as the analysis of
environmental variables through individual alerts based on statistical limits and the AI
model for the identification of multivariate anomalies (Figure 5).

Figure 5. General system architecture diagram.

2.2.3. System Geometry Design and Construction
SolidWorks Modeling, Fritzing Diagrams, and System Assembly

To ensure precision and fit between the electronic and structural components of the
system, the geometric design was developed in SolidWorks considering the dimensions
and distribution of the components integrated into the TX and RX nodes. The selection
of the ESP32 was based on its dual communication capabilities (Wi-Fi and Bluetooth),
the environmental sensors (HD-38, GUVA-S12SD, DHT22) for the measurement of the
monitored variables in avocado cultivation, and the nRF24L01+PA+LNA module and a
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2.4 GHz Yagi directional antenna for their longer-range wireless link through increased
communication gain. This modeling enabled the definition of the internal arrangement of
elements prior to physical assembly, and the electronic diagrams in Fritzing were used to
visualize the electrical connections (Figure 6a,b).

Figure 6. (a) Schematic diagram of the TX node electronic components. (b) Schematic diagram of the
RX node electronic components.

For the final assembly of the system, the electronic components of the TX and RX
nodes were integrated within the enclosures defined in the geometric design, following a
three-stage sequence: assembly of the electronic boards, power supply, and mounting of
the components, organizing the physical integration of the prototype.

2.2.4. Mobile Application Development

The mobile application was developed as a tool oriented toward the monitor-
ing, analysis, and interpretation of environmental data recorded by the system, imple-
mented in Java in an Android Studio Otter 2025.2.1 environment with compatibility for
Android 7.0 Nougat or higher, allowing access to cloud-stored records and visualization of
readings from a mobile device that can be queried remotely from the cloud and locally via
BLE by the user. Additionally, access to an alert system where the farmer can visualize the
reading thresholds is provided (Figure 7).

2.2.5. Machine Learning

Machine learning was carried out through an unsupervised ML model based on an
autoencoder neural network that receives as input a vector comprising four normalized
variables, generating as output the reconstruction of the vector [55]. Its architecture consists
of an input layer of four variables, an encoder with eight neurons and ReLU activation, a
bottleneck of two neurons with ReLU activation, a decoder with eight neurons and ReLU
activation, and an output layer of four neurons with sigmoid activation, compiled with the
Adam optimizer and the mean squared error loss function (Figure 8).
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Figure 7. Graphical user interface of the application design.

Figure 8. Autoencoder model architecture.

For training, 2016 unlabeled multivariate records collected every 10 min over 14 days
under uncontrolled environmental conditions were used; each record included values
of air temperature, relative humidity, soil moisture, and UV radiation. These variables
were normalized to an interval of 0 to 1 using the Min-Max method, with 80% of the data
used for training carried out over 30 epochs with a batch size of 32, record randomization,
and 20% validation. Anomaly detection was performed based on the reconstruction
error between the original and reconstructed values. Records with a reconstruction error
less than or equal to the established threshold were classified as normal, whereas those
exceeding the limit were identified as anomalous. The trained model was evaluated on a
set of 2016 records, computing the mean reconstruction error and comparing it against the
threshold of 0.0814. Finally, the model was implemented in Python 3.10 (Python Software
Foundation, Beaverton, OR, USA) with TensorFlow/Keras and integrated into the mobile
application using the TensorFlow Lite 2.16.1 and TensorFlow Lite Support 0.4.0 libraries.

2.2.6. Wireless Link Evaluation

The determination of the range and stability of the system’s wireless communication
link was performed at distances of 100 m, 300 m, 500 m, 1000 m, 2000 m, and 2300 m
under line-of-sight conditions in the locality of Chichihualco, municipality of Leonardo
Bravo, Guerrero, Mexico, at latitude 17◦38′30.46′′ N, longitude 99◦40′29.51′′ W, and altitude
1420 m a.s.l. The TX node transmission was programmed in the Arduino IDE environ-
ment using the C++ language to continuously send 12-byte data packets through the
nRF24L01+PA+LNA module. In this test, the packets correspond to an evaluation payload
generated solely to measure the range and stability of the wireless link; therefore, they
did not include environmental readings from the monitoring system. During the tests, the
TX node was fixed on the rooftop of a dwelling, while the RX node was moved to each
of the established distances, recording the number of packets received during a period of
two minutes (120 s).
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2.2.7. System Implementation in an Avocado Orchard

The system implementation was carried out under uncontrolled environmental con-
ditions in an avocado orchard (2 ha), located at the same site where the wireless link was
evaluated (Figure 9).

Figure 9. Node implementation.

The node was installed in the avocado orchard; the soil moisture sensor probe was
placed at a depth of 20 cm, the UV radiation detector was installed on the upper part of the
enclosure oriented toward the sun, and the air temperature and relative humidity sensor
was fixed on the protective cover. Subsequently, the TX node was directed toward the RX
node, located on the rooftop of a dwelling and aimed toward the TX node. Data collection
was performed every 10 min over 14 consecutive days, obtaining 2016 multivariate records
stored locally on a microSD card and in the cloud (Figure 10).

Figure 10. System validation: (a) local file stored on the microSD card and (b) Firebase RTDB
database file.

2.2.8. Mobile Application Deployment on a Mobile Device

For the operation of the app and visualization of monitored parameters, the .apk file
is installed on the SM-S928B device with Android 16 operating system (Figure 11).
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Figure 11. Installation flow of the mobile application.

3. Results
The reference ranges considered for air temperature, relative humidity, and soil mois-

ture were 28–33 ◦C, 60–65%, and 30–50%, respectively. UV radiation was monitored
through the UVI on a scale of 0 to 11. These values are established as agronomic refer-
ences to contextualize the monitored variables without constituting the final classification
criterion of the system.

The IoT architecture and the system are structured into four layers: physical, network,
processing, and application. The physical layer integrates the TX and RX nodes, environ-
mental sensors, communication modules, directional antennas, power supply packages
with lithium-ion cells, and local storage via a microSD card. The network layer enables
wireless transmission between nodes, local retrieval via BLE, and remote synchronization
with Firebase RTDB. The processing layer incorporates the AI model based on an autoen-
coder for the analysis of environmental records, while the application layer enables the
visualization, retrieval, and interpretation of information from the app.

3.1. Model Training

During autoencoder training, the predominant patterns are successfully reconstructed,
and the parameters shown in Table 3 are obtained.

Table 3. Autoencoder model training.

Parameter Value

Final loss 0.0209
Validation loss (val_loss) 0.0375

Mean squared error (MSE) 0.02414
Standard deviation of MSE 0.02863
Reconstruction threshold 0.0814

The trained model was applied to 2016 records as a post-training analysis stage. In
this evaluation, a mean reconstruction error of 0.00734 was obtained; the error distribution
shows that the majority of records present values close to zero, indicating that the model
adequately reconstructs the patterns learned during training. In contrast, a reduced number
of records reflect errors exceeding the threshold of 0.0814, evidencing deviations with
respect to the predominant patterns of the dataset. A total of 0.99% of the evaluated data
exceeded the reconstruction threshold, triggering alerts as an anomalous environmental
pattern representing environmental combinations less frequent relative to the patterns
learned by the autoencoder. This occurs because the model is developed with unsupervised
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learning and the records do not have labels that allow the distinction of environmental
fluctuations, sensor irregularities, or events requiring agronomic action. Furthermore, the
warnings are not interpreted as automatic intervention instructions for the farmer; rather,
they are considered indicators for the joint review of the recorded variables and their
temporal behavior (Table 4).

Table 4. Evaluation of the trained autoencoder model.

Parameter Value

Number of evaluated records 2016
Mean reconstruction error 0.00734

Records detected as anomalies 20 (0.99%)
Maximum reconstruction error 0.22695

3.2. Validation

Regarding wireless link performance, the experimental evaluation shows that the
system maintained communication at all analyzed distances (100 m to 2300 m) under line-
of-sight conditions. The results demonstrate a slight decrease in the mean packets received
per second (PPS) as distance increases, with greater variability in the measurements related
to the sensitivity of the link to the alignment of the directional antennas due to the increasing
distance between the TX and RX nodes. Nevertheless, the link remains operational up
to 2300 m, demonstrating its viability for open-field agricultural monitoring applications
under the evaluated conditions (Table 5).

Table 5. Wireless link performance.

Distance (m) Average (PPS) Standard Deviation Range (PPS)

100 1666.50 0.50 1666–1667
300 1665.51 0.50 1665–1666
500 1664.92 0.80 1664–1666

1000 1664.44 1.11 1663–1665
2000 1662.33 1.66 1660–1665
2300 1662.47 1.66 1660–1665

Furthermore, the system was established with a wireless link of up to 2300 m; this
is noteworthy given that the nRF24L01+PA+LNA is commonly employed in short-range
wireless communications. Nevertheless, the configuration used between directional an-
tennas and node alignment enables the extension of its application to a greater range. In
addition, the system implementation was carried out in the most distant avocado crop of
the community, enabling communication between nodes.

During the implementation period, the TX and RX nodes exhibited an experimen-
tal autonomous operating time of approximately 48 h. This value was lower than the
estimated theoretical performance of 75.8 h; the discrepancy between both values is not
experimentally characterized in this study and is therefore not attributed to a specific
cause. Nevertheless, the literature identifies as potential factors the difference between
the nominal capacity and the effective available capacity of lithium-ion batteries under
real operating conditions, as well as the influence of ambient temperature on their perfor-
mance [56,57]. For extended periods of operation, ultra-low power consumption techniques
and solar panels are reported in the literature as alternatives to extend the autonomy of
wireless nodes [58,59]. These strategies are not evaluated in this study; consequently, it was
necessary to recharge both nodes every two days to ensure monitoring continuity, requiring
optimization for extended periods of operation without periodic recharging interventions.
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The app records, visualizes, and analyzes in real time the data from the system; the
final output enables the presentation of the status of each environmental variable with
interpretive labels generated by the application. During implementation, air temperature
is identified as “high by 21.5 ◦C”, soil moisture as “low by 10.0%”, UV radiation as “nor-
mal”, relative humidity as “high by 22.0%”, and the autoencoder model as (multivariate
evaluation: anomaly) (Figure 12).

   

Figure 12. Mobile application.

4. Discussion
The IoT architecture implemented in the environmental monitoring system enabled

the structured integration of sensors, communication protocols, and storage and visu-
alization services. This design is consistent with Guijarro-Rubio et al. [35], who iden-
tified that the functional separation of layers facilitates integration in smart agricul-
tural systems. Likewise, the developed system distributes its specific functions through
the physical, network, processing, and application layers, which is in agreement with
Ahmed et al. [26], Hernández-Morales et al. [36], Shahab et al. [39], Kalaivani et al. [27],
and Guijarro-Rubio et al. [35], who report that multilayer architectures improve informa-
tion management in precision agriculture applications by providing scalability, modularity,
and interoperability between devices.

Regarding the architectural design implemented in the system, it is similar to that
of Hernández-Morales et al. [36], who also adopted a four-layer division to optimize
data flow. The functional balance between the components implemented in the system
(sensors, communication protocols, and storage and visualization services) differs from
that of Routis and Roussaki [21] and Islam et al. [22], who prioritize components such as
centralized processing in the system. With respect to the monitoring of environmental
parameters (temperature, relative humidity, soil moisture, and UV radiation), it partially
agrees with Moreno-Bernal et al. [44], who add a different parameter (soil temperature) for
the monitoring of avocado crops. Data acquisition from monitoring is recorded at 10 min
intervals, which contrasts with Abidin et al. [30], Zeping et al. [31], Woo-García et al. [29],
Lopez-Velasco et al. [40], and Chapungo and Postolache [23], who use an interval of one to
five minutes, which increases the operational wear of the system.

The proposed system incorporates an energy strategy based on deep sleep mode
during inactive periods, consistent with Arregoces-Guerra et al. [34], who also imple-
ment this type of strategy for energy optimization. Regarding data storage, the system
incorporates a continuous dual storage mechanism on a local microSD card and in the
Firebase Realtime Database, which contributes to improving data storage reliability in
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the event of communication failures. Similarly, Abidin et al. [30] and Zeping et al. [31]
implement strategies incorporating local data storage cards to prevent connectivity in-
terruptions and maintain data recording continuity. The hardware developed in this
proposal achieved a range of 2300 m under line-of-sight conditions, unlike Abidin et al. [30],
Woo-García et al. [29], Zeping et al. [31], and Routis and Roussaki [21], who obtained a
coverage of 120 m to 800 m by implementing nRF24L01+ or ZigBee technologies. Finally, an
unsupervised autoencoder model was implemented in the mobile application for the statis-
tical analysis of data for environmental diagnostics. In contrast to Routis and Roussaki [21],
Islam et al. [22], Hernández-Morales et al. [36], Pero et al. [38], and Shahab et al. [39], which
rely on supervised models, the proposed system uses an unsupervised autoencoder and
does not require manually labeled environmental records.

5. Conclusions
The environmental monitoring system for avocado orchards developed in this project

considers four environmental parameters that influence crop growth and health, establish-
ing reference ranges for each variable. The four-layer architecture enables the acquisition,
transmission, storage, and visualization of information, facilitating efficient integration of
components (sensors, communication protocols, and cloud services).

The results obtained following 14-day field validation demonstrated that the system
achieved wireless communication of up to 2300 m under line-of-sight conditions. The
incorporation of an unsupervised learning model in the app establishes an appropriate
approach for anomaly detection in agricultural contexts where manual data labeling is lim-
ited or nonexistent. The use of emerging technologies, long-range wireless communication,
and AI within an architecture oriented toward autonomous agricultural monitoring in this
research contributes to precision agriculture for efficiency and sustainability in this type
of practice.

As future work, it is proposed to optimize the power supply system to increase node
autonomy through the evaluation of ultra-low power consumption techniques and the
use of solar panels, to incorporate battery level monitoring mechanisms and preventive
recharging alerts, and to strengthen the physical protection of the system against adverse
weather conditions, primarily rain and humidity. Furthermore, the integration of additional
sensors such as wind speed and direction, and the implementation of automatic data
resynchronization mechanisms following communication interruptions, are proposed with
the aim of improving the operational continuity of the system in the field.
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