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Abstract

Soil monitoring is a key component of precision agriculture and environmental sensing
systems, where reliable measurements support irrigation management and crop monitoring.
Although high-end sensing platforms provide accurate measurements, their cost limits
widespread adoption, particularly in resource-constrained agricultural environments. Low-
cost soil sensors, such as widely available 7-in-1 probes capable of measuring soil moisture,
temperature, electrical conductivity, and pH, offer a scalable alternative for distributed
monitoring; however, their limited accuracy raises concerns regarding their reliability for
decision-support systems. This study investigates whether measurements from a single
low-cost 7-in-1 soil sensor contain sufficient information to reconstruct the outputs of
a commercial high-end sensing platform (CropX), specifically volumetric water content
(VWCQC) and pore-water electrical conductivity (ECpw). Field data were collected in a
tropical Hass avocado orchard in Colombia, and four machine learning models were
evaluated to reconstruct CropX measurements from low-cost sensor signals at three soil
depths (20, 41, and 66 cm). Random Forest achieved the highest reconstruction performance,
with coefficient of determination R2 values between 0.9965 and 0.9986 and consistently low
root mean square error (RMSE) and mean absolute error (MAE) across depths. Out-of-bag
validation and multi-seed stability analyses confirmed the robustness of the models despite
the limited dataset size. A chronological validation (80-20%) showed substantially reduced
performance, indicating that the proposed approach is more suitable for reconstructing
high-end sensor signals under concurrent measurement conditions than for strict temporal
extrapolation. Therefore, the framework should be interpreted as a virtual sensing strategy
for reconstructing simultaneous CropX measurements from low-cost sensor observations
rather than as a standalone model for predicting future soil conditions without periodic
recalibration. These results demonstrate that low-cost multi-parameter sensors can support
high-fidelity virtual reconstruction of high-end soil measurements, contributing to the
development of scalable and cost-effective soil monitoring systems for precision agriculture.

Keywords: low-cost soil sensors; 7-in-1 soil sensor; Random Forest; virtual sensing; soil
moisture; pore-water electrical conductivity (ECpw); precision agriculture; Hass avocado

1. Introduction

Smart agriculture, understood as the application of digital technologies for the efficient
management of agricultural resources, has become a central pillar of agro-industrial trans-
formation. This approach integrates artificial intelligence (AI), the Internet of Things (IoT),
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Big Data, machine learning (ML), robotics, and cloud computing to automate, monitor,
and connect productive system processes. These tools optimize the efficiency of the use of
water, energy and fertilizer while increasing crop yield and stability through data-driven
management and real-time decision making [1-3]. Smart farming methods could help
mitigate the effects of climate change by improving water use efficiency, reducing chemical
inputs, and reducing carbon emissions. Moreover, their adoption promotes more sustain-
able and traceable agricultural operations, strengthening the adaptation capacity to climatic
variability [4,5]. In addition to environmental challenges, modern agriculture faces water
scarcity, soil degradation, rising food demand, and technological gaps between rural and
urban regions. In this context, agricultural digitalization emerges as a comprehensive
strategy to produce more with less, ensuring the sustainability and competitiveness of the
agro-food sector [6,7].

IoT represents one of the key pillars of smart agriculture by enabling interconnection
between sensors, autonomous devices, and integrated management platforms. Several
studies highlight their contributions in different dimensions: improvement of crop mon-
itoring through Al and IoT networks [1], integration of renewable energy to improve
operational efficiency [2], and implementation of cloud-based platforms to strengthen
agricultural management [3]. This infrastructure enables the collection and transmission of
real-time data in soil, atmospheric, and crop physiological conditions, allowing automatic
adjustments to irrigation, fertilization or ventilation systems [1-3]. Applications such as
automated irrigation, greenhouse environmental control, soil nutrient monitoring, and
early detection of stress or disease demonstrate the versatility of IoT to improve opera-
tional efficiency and reduce management variability [4-6]. This connectivity transforms
production processes into more sustainable evidence-based systems, consolidating the role
of IoT as the cornerstone of modern agriculture [7].

Despite advances in digitalization, the adoption of sensor-based technologies remains
limited among small- and medium-scale farms. The high installation and maintenance
costs of commercial systems, together with the requirements for technological infrastruc-
ture, restrict their implementation in rural areas with limited resources. As a result, this
situation widens the digital divide between large-scale farmers, who can access advanced
technological solutions, and those with fewer resources who face economic and operational
barriers to adopting smart agriculture tools [7]. In response, recent research has promoted
the development of low-cost and energy-efficient sensors designed to balance cost with
functionality and reduce dependence on complex infrastructures without compromising
environmental sustainability [7,8]. These innovations represent a significant step toward
technological democratization, enabling producers of different scales to adopt data-driven
monitoring and management tools [8]. However, this accessibility introduces an important
challenge related to the accuracy and reliability of measurements. Low-cost sensors repre-
sent an accessible alternative for digital agriculture, although their precision and stability
are lower than those of more robust sensors [9]. For this reason, several studies have
explored strategies to improve the quality of the data obtained from these devices. Various
studies have shown that, after calibration processes and predictive modeling, these sensors
can approximate the measurements of reference equipment with high reliability [9,10]. This
is key to the development of systems capable of adjusting inaccurate measurements through
artificial intelligence algorithms, particularly those based on machine learning (ML). In this
context, the integration of affordable sensors such as the 7-in-1 sensor, which measures basic
edaphic variables, together with predictive tools, can provide results comparable to more
robust platforms such as CropX, which measures soil moisture, temperature, and electrical
conductivity, and further integrates infiltration, water retention, and evapotranspiration
analysis through cloud processing [11,12]. The use of low-cost sensors, complemented by
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Al models, therefore represents a promising strategy to reduce technological gaps between
high-cost agricultural systems and accessible solutions, which could improve access to
smart agriculture [9,10].

Predictive models are essential tools in modern agriculture because they transform
sensor and IoT data into actionable information for evidence-based decision-making. These
models employ Al algorithms, including ML, that process large volumes of environmental,
edaphic, and physiological data to anticipate critical conditions and optimize resource use.
The integration of IoT and Al has also enabled agricultural systems capable of monitoring
soil and climate variables, predicting irrigation needs, and detecting pest or disease risks,
thereby improving productivity and sustainability [13].

Although affordable sensors have expanded access to smart agriculture technologies,
their performance still faces important limitations in terms of accuracy and reliability, which
restricts their application in critical decision-support contexts [6]. Devices such as 7-in-1
multiparameter sensors simultaneously record edaphic variables including soil moisture,
temperature, pH, electrical conductivity, and nutrients. However, despite measuring similar
environmental variables, these sensors and robust commercial platforms operate under
different measurement principles and data interpretations.

For example, the 7-in-1 sensor reports relative soil moisture and bulk electrical con-
ductivity, whereas platforms such as CropX estimate volumetric water content (VWC) and
pore-water electrical conductivity (ECpw), parameters that are more directly associated
with water availability and nutrient transport in the soil profile. According to manufactur-
ers’ technical specifications, CropX systems additionally incorporate multilayer sensing and
cloud-based processing to derive hydrological parameters such as infiltration dynamics,
water retention characteristics, and evapotranspiration indicators [11,12]. These differences
illustrate the technological gap between low-cost sensing solutions and robust commercial
platforms designed for advanced soil monitoring.

Despite these limitations, several studies have demonstrated that the performance of
low-cost sensors can be substantially improved through calibration strategies and computa-
tional correction techniques. In particular, predictive models based on artificial intelligence
(AI) and machine learning (ML) can adjust sensor measurements, reduce systematic errors,
and improve their consistency. For example, as reported in [14], integrating sensor obser-
vations into Al algorithms significantly improved the estimation of evapotranspiration
and the crop water stress index, achieving coefficient of determination values close to
0.99 together with low prediction errors (RMSE ~ 0.15-0.25; MAE ~ 0.10-0.19). These
findings suggest that approaches combining affordable sensing devices with Al-based
predictive models could represent an effective strategy to reduce the technological gap
between low-cost monitoring systems and high-end sensing platforms. By leveraging data-
driven correction models, it may be possible to reconstruct or approximate advanced soil
measurements using signals obtained from simpler sensors. Nevertheless, limited research
has investigated the extent to which Al models can reproduce measurements obtained
from advanced soil monitoring systems using only low-cost sensor data. From this gap
arises the following research question: How can Al techniques be applied to reconstruct or
approximate measurements from advanced sensors, such as CropX, using data obtained
from low-cost sensors like the 7-in-1 under concurrent measurement conditions? Therefore,
this study evaluates the capacity of machine learning models to approximate measurements
from high-end soil sensors using affordable sensing devices, proposing a methodological
framework that integrates both technologies within smart agricultural monitoring systems.
The main contributions of this study are threefold: (i) the evaluation of machine learning
models for reconstructing advanced soil measurements from low-cost sensors, (ii) the com-
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parison of multiple predictive algorithms under field conditions, and (iii) the validation of
the approach across multiple soil depths in a tropical Hass avocado orchard.

2. Related Work

The integration of smart sensors with Internet of Things (IoT) technologies has en-
abled continuous monitoring of soil and environmental conditions in precision agriculture.
Several studies have focused on the development of distributed sensing architectures based
on low-cost sensors to support irrigation and crop management. For example, Placidi
et al. [15] designed a LoRaWAN-based wireless sensor network using low-cost sensors
to measure soil water content together with environmental monitoring devices. Their
system demonstrated the feasibility of modular IoT architectures built with inexpensive
components and validated the measurements against a commercial reference sensor. How-
ever, the study reported non-constant sensitivity in the low-cost volumetric water content
sensor, highlighting the challenges associated with measurement reliability when using
inexpensive sensing devices.

Other studies have implemented IoT-based monitoring systems using commercial-
grade sensors to ensure higher measurement accuracy. Kumari et al. [16] developed an
IoT-enabled monitoring platform integrating TEROS-12 sensors to measure soil moisture,
temperature, and electrical conductivity under both laboratory and field fertigation condi-
tions. Their system achieved strong agreement with laboratory reference measurements
(R? =0.999), demonstrating the reliability of high-end sensing platforms for monitoring
soil electrical conductivity and moisture dynamics. Nevertheless, the use of such sensors
increases the overall system cost, limiting large-scale deployment in agricultural environ-
ments with constrained resources.

To mitigate the accuracy limitations of low-cost sensors, several studies have explored
machine learning approaches for sensor calibration and measurement correction. Seti-
awan et al. [17] compared multiple machine learning models to improve the prediction
of volumetric water content obtained from a low-cost capacitive soil moisture sensor. Us-
ing gravimetric measurements as ground truth, the authors reported that the K-Nearest
Neighbours (KNN) algorithm achieved the best performance with an RMSE of 0.029,
outperforming linear regression and decision tree models. These findings demonstrate
that machine learning techniques can significantly improve the predictive performance of
inexpensive sensing devices.

Recent studies have also investigated optimized ensemble learning strategies for
soil variable prediction. Bouhacina et al. [18] proposed a hybrid framework combining
tree-based models with a Tri-phase Opposition Adaptive Random Search (TOARS) opti-
mization algorithm to predict soil temperature at shallow depths. Their results showed
that metaheuristic optimization can improve the predictive accuracy of Decision Tree,
Random Forest, and XGBoost models, achieving R? values above 0.999. These findings
reinforce the suitability of nonlinear ensemble approaches for modeling complex soil-
environment relationships.

Another relevant research direction focuses on cross-sensor calibration and transfer
learning to harmonize measurements between heterogeneous sensors. Lin et al. [19] pro-
posed SensorTalk3, an edge-based transfer learning framework designed to recalibrate soil
electrical conductivity sensors affected by long-term drift. The approach combines ensem-
ble machine learning models, including Random Forest and Extreme Gradient Boosting,
and performs calibration directly on edge devices. Experimental results showed calibration
errors as low as 1.7%, with overall accuracies exceeding 98%. These results demonstrate the
potential of Al-driven calibration strategies to improve the reliability of low-cost sensors in
IoT-based agricultural monitoring systems.
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Related approaches have explored the use of machine learning models to estimate
difficult-to-measure environmental variables using indirectly related sensor signals. Ouadi
et al. [20] proposed a hybrid Gradient Boosting framework optimized using the Salp
Swarm Algorithm (GBSSA) to predict the Silt Density Index (SDI) in desalination systems
from pressure-based measurements. Their results showed that indirect physical signals
can be effectively transformed into accurate estimates of complex operational indicators,
highlighting the potential of data-driven models to replace or complement costly measure-
ment procedures.

Deep learning and transfer learning techniques have also been applied to soil moni-
toring and irrigation management. Burri et al. [21] developed a soil moisture prediction
framework using transfer learning based on the ResNet50 architecture combined with IoT
sensor data. The model achieved an area under the receiver operating characteristic curve
(AUC) of 0.95, demonstrating the ability of deep learning approaches to capture complex
relationships between environmental variables and soil moisture dynamics. However, these
models focus on predictive irrigation scheduling rather than on reproducing measurements
from high-end sensing platforms.

Taken together, previous studies demonstrate significant advances in IoT-based soil
monitoring, machine learning-driven sensor calibration, and predictive modeling for ir-
rigation management. However, most existing research focuses either on improving the
performance of low-cost sensors through calibration or on developing predictive irrigation
models based on environmental data. Limited attention has been given to reconstructing
measurements from high-end commercial sensing platforms using only signals from low-
cost multiparameter sensors. Furthermore, studies evaluating such approaches under real
field conditions in tropical crops remain scarce.

Addressing this gap, the present work investigates whether measurements obtained
from a single low-cost 7-in-1 soil sensor can be used to reconstruct key variables measured
by a commercial sensing platform (CropX), including volumetric water content and pore-
water electrical conductivity, under field conditions in a tropical Hass avocado orchard.

3. Materials and Methods

This section describes the experimental design and methodological framework used
to evaluate whether measurements obtained from a low-cost soil sensor can reconstruct
the variables provided by a commercial sensing platform. First, the study site and the
sensor instrumentation deployed in the field are described. Next, the structure of the
dataset and the preprocessing steps applied to synchronize and clean the measurements
are presented. Subsequently, the selection of predictor and target variables is justified
based on their physical relevance and statistical behavior. Finally, the machine learning
models evaluated and the training and validation procedures used to assess predictive
performance are detailed.

3.1. Study Site

The study was conducted at the Finca Agricola Sol de Oriente S.A.S., a commercial
avocado (Persea americana cv. Hass) production farm located in the rural area “Compaiiia
Abajo” of San Vicente Ferrer, Antioquia, Colombia (6°14'57.9” N, 75°2536.6" W). The farm
lies at an altitude ranging from 2165 to 2227 m above sea level, with an average annual
temperature of 17 °C. It covers a total area of 20.47 ha, of which 11.41 ha are currently under
production, with a planting density of approximately 305 trees per hectare.

The study was conducted in a field covering approximately 0.82 ha, planted in a
5 x 5 m spacing design. This field corresponds to a four-year-old avocado crop, established
in 2021.
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3.2. Data

The dataset used in this study was obtained from two soil sensors installed on a
randomly selected avocado tree. The sensors were buried at three depths (20 cm, 41 cm, and
66 cm) near the tree’s root zone, corresponding to the most active layer for root activity. The
sensors continuously recorded edaphic parameters throughout the experimental period.

3.2.1. 7-in-1 Soil Sensor (JXBS-3001-NPK-RS)

The 7-in-1 soil sensor (JXBS-3001-NPK-RS, JXCT Electronics Co., Ltd., Weihai, China)
is a low-cost multiparameter probe capable of simultaneously measuring seven key soil
variables: nitrogen (N, mg/kg), phosphorus (P, mg/kg), potassium (K, mg/kg), electrical
conductivity (EC, uS/cm), soil moisture (%), pH, and soil temperature (°C). The device
operates via an RS5485 Modbus communication protocol and is designed for long-term
underground installation with IP68 protection. Its measurement ranges and accuracies are
summarized in Table 1. The approximate market price of the JXBS-3001-NPK-RS sensor
ranges between USD 80 and USD 150 depending on the distributor and configuration,
which classifies it as a low-cost soil sensing device compared to commercial precision
agriculture systems.

Table 1. Technical specifications of the 7-in-1 Soil Sensor (JXBS-3001-NPK-RS).

Parameter Range Accuracy
Nitrogen (mg/kg) 0-1999 +2% FS
Phosphorus (mg/kg) 0-1999 *+2% FS
Potassium (mg/kg) 0-1999 +2% FS
Electrical conductivity (uS/cm) 0-10,000 +10 uS/cm
Soil moisture (%) 0-100 +3-5%
pH 3-9 +0.3
Temperature (°C) —40 to 80 +0.5°C

Note: “FS” denotes full scale. Accuracy given as “FS” refers to the percentage of the sensor maximum range.

3.2.2. CropX Soil Sensor V04

The CropX V04 sensor (CropX Technologies Ltd., Wellington, New Zealand) is a
commercial-grade probe designed for high-resolution soil monitoring. It measures volu-
metric water content (VWC, %), soil temperature (°C), and pore water electrical conductivity
(ECpw, dS/m).

Each unit includes three sensing points positioned at depths of 20 cm, 41 cm, and 66 cm,
implementing proprietary CropX algorithms for data calibration and interpretation. The
device transmits data to the CropX cloud platform via a cellular (2G/3G/4G) network and
a low-energy Bluetooth interface. The principal technical specifications are summarized in
Table 2. In addition to the hardware cost, the CropX system requires access to its proprietary
cloud platform for data visualization and analytics. The approximate cost of the CropX
sensor unit ranges between USD 900 and USD 1200, with additional subscription fees
associated with the platform services. This cost difference highlights the economic gap
between commercial sensing platforms and low-cost alternatives.

Table 2. Technical specifications of the CropX Soil Sensor V04.

Parameter Range Accuracy
Volumetric water content (VWC, %) 0-60 +1
Pore water EC (dS/m) 0.05-18 +0.1
Temperature (°C) —15to 60 +1
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3.2.3. Sensor Installation and Spatial Configuration

Both sensing systems were installed within the same soil pit to ensure that measure-
ments corresponded to the same pedological environment and root zone conditions. The
7-in-1 sensor array and the CropX integrated probe were positioned at a horizontal separa-
tion distance of approximately 30-40 cm between the central axis of the 7-in-1 sensor column
and the CropX probe. This spacing minimized physical interference between devices while
maintaining both sensors within the same representative soil volume (Figure 1).

Figure 1. Installation of the 7-in-1 sensor array and the CropX multi-depth probe within the same
soil pit.

The 7-in-1 configuration consisted of three independent sensors installed at depths of
20, 40, and 60 cm. These sensors were vertically aligned within the same soil column and
separated by less than 5 cm, allowing measurement of soil properties along a consistent
vertical profile. The CropX probe is an integrated multi-depth sensing device installed
vertically in the soil, with sensing elements corresponding to similar depths (20, 41, and
66 cm).

To minimize soil disturbance and ensure adequate soil-sensor contact, installation
procedures followed a layer-by-layer backfilling protocol. After excavation to 60 cm depth,
the soil pit was saturated with water to reduce air gaps and facilitate soil compaction.
The deepest 7-in-1 sensor was installed first, followed by gradual backfilling and manual
compaction of the soil to approximate the original bulk density. The same procedure was
repeated sequentially for the 40 cm and 20 cm sensors.

The CropX probe was installed according to the manufacturer’s guidelines using a
specialized auger to create a narrow borehole. The hole was saturated twice with water
prior to insertion to improve soil contact, after which the probe was screwed vertically into
the soil profile.

These procedures ensured consistent soil contact conditions for both sensing systems
and reduced potential measurement bias associated with installation disturbance.

3.2.4. Comparison of Measured Variables

Although both devices quantify soil electrical and moisture properties, they measure
different aspects of these parameters. The 7-in-1 sensor records the bulk electrical conduc-
tivity (EC) of the soil, representing the total salinity from both the solid and liquid phases.
In contrast, the CropX sensor measures the electrical conductivity of the soil pore water
(ECpw), which reflects the dissolved ion concentration in the water available for plant
uptake. Thus, ECpw is more directly related to the salinity experienced by roots, while
EC provides a broader indication of overall soil salinity. For consistency in the modelling
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workflow, CropX ECpw values were converted from dS/m to uS/cm during preprocessing
before model training and evaluation.

This conceptual mismatch between EC and ECpw implies that the model must learn a
nonlinear transformation rather than a direct scaling relationship [22].

Regarding water content, the 7-in-1 sensor reports relative humidity (%RH) within the
soil matrix, which is an indirect measure influenced by temperature and vapor equilibrium
conditions. Conversely, the CropX sensor estimates the volumetric water content (VWC,
%), a direct measurement of the volume of water relative to the total soil volume. Therefore,
VWC is more representative of the water available to plants, whereas %RH provides a
relative indicator of soil wetness. These conceptual differences are essential for interpreting
and aligning data between the two devices.

3.2.5. Predictor and Target Variable Selection

Following an initial exploration of the data collected by both sensors, the following
variables were selected as inputs for the predictive modeling:

*  Soil moisture, soil temperature, electrical conductivity, and pH measured by the 7-in-1
sensor at three depths (20 cm, 40 cm, and 60 cm).

The target variables to be predicted were:

*  Volumetric water content (VWC) and pore water electrical conductivity (ECpw) mea-
sured by the CropX sensor at depths of 20 cm, 41 cm, and 66 cm.

Soil moisture, pH, temperature, and electrical conductivity measured by the 7-in-1
sensor at depths of 20, 40, and 60 cm were selected as predictor variables due to their
direct physical relationship with soil water dynamics and salinity processes. Soil moisture
reflects water availability within the soil matrix, temperature influences evaporation and
water redistribution, electrical conductivity is related to the concentration of dissolved ions
and solutes, and pH represents a complementary chemical property associated with soil
solution conditions. Together, these variables represent key drivers of the hydrological and
physicochemical processes governing volumetric water content (VWC) and pore water
electrical conductivity (ECpw).

An exploratory statistical analysis confirmed that these variables also exhibited the
strongest correlations and temporal coherence with the target variables measured by the
CropX sensor. Including measurements from multiple depths further allowed the models to
capture vertical gradients in soil water movement and solute transport within the root zone.

Exploratory correlation analysis revealed that the N, P, and K measurements were
strongly correlated with soil electrical conductivity, particularly at the deeper soil layers.
For example, correlations above 0.9 were observed between bottom-layer nutrient mea-
surements and electrical conductivity. This indicates that these variables contain largely
redundant information, since soil electrical conductivity reflects the concentration of dis-
solved ions present in the soil solution. Including NPK variables would therefore introduce
multicollinearity without substantially improving predictive performance. Consequently,
these chemical variables were excluded from the final predictor set to improve model
interpretability and reduce redundancy.

Unlike N, P, and K, soil pH was retained in the predictor set because it represents
a distinct chemical property of the soil rather than a direct proxy of ionic concentration.
Exploratory correlation analysis showed that pH maintained relevant associations with
several target variables, suggesting that it provides complementary information for the
reconstruction task.
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3.2.6. Data Exploration, Cleaning, and Preprocessing

The dataset was generated from two independent sensing platforms operating with
different native sampling frequencies and communication protocols. The CropX sensor
records measurements at fixed intervals determined by its cloud-based monitoring system,
while the 7-in-1 sensor produces readings according to the acquisition frequency configured
in the local data logger. As a result, measurements from both sensors were not perfectly
synchronized in time. To address this issue and create a consistent dataset for modeling, a
temporal alignment and aggregation procedure was implemented.

First, invalid records, duplicated entries, and non-numeric textual outputs (e.g., sensor
failure flags) were identified and removed. For the 7-in-1 sensor, rows were discarded only
when missing or invalid values affected the core predictor variables used for modeling,
while auxiliary variables not used in the final model were retained whenever possible for
exploratory analysis. This step ensured that only complete and reliable observations were
retained for subsequent analyses.

Next, a temporal rounding procedure was applied at 30 min intervals, whereby each
timestamp was adjusted to the nearest 0- or 30 min mark. This standardization reduced
inherent temporal noise caused by irregular sampling, homogenized the sampling reso-
lution between sensors, and allowed for precise synchronization of measurements from
different sources. The choice of a 30 min interval reflects the native sampling frequency of
the CropX sensor and the need to capture meaningful variations in soil moisture, tempera-
ture, and electrical conductivity without compromising the natural temporal variability of
the system.

During the preprocessing stage, an additional inspection of extreme values was per-
formed to detect potential sensor anomalies. Two observations presenting abnormally high
electrical conductivity values at the deepest measurement depth (66 cm) were identified.
These values exceeded the typical operating range observed during the monitoring period
and were interpreted as sensor artifacts. Consequently, these two records were removed
prior to model training to prevent distortion of the learning process.

Additionally, CropX ECpw values, originally recorded in dS/m, were converted to
uS/cm during preprocessing by multiplying by 1000. This transformation was applied
before model fitting; therefore, all ECpw ranges, predictions, RMSE values, and MAE
values reported in Section 4 are expressed in puS/cm.

Finally, after temporal rounding, multiple measurements falling within the same
interval were aggregated using the arithmetic mean, producing a representative value
for each time point and preparing the dataset for comparative analyses and subsequent
modeling stages. After this aggregation step, the two sensor datasets were merged using
their synchronized timestamps, retaining only the observations available in both platforms.

After applying the cleaning, synchronization, and merging procedures, the final
dataset contained 10,490 paired observations and 35 variables. The monitoring period
extended from 21 February 2025 to 17 October 2025, covering approximately eight months
of continuous soil measurements during the avocado production cycle. Each record in the
final dataset therefore corresponds to temporally aligned observations from both the 7-in-1
and CropX sensing platforms.

3.2.7. Correlation Analysis Procedure

Before training the machine learning models, an exploratory correlation analysis was
conducted to examine the statistical relationships between the variables measured by both
sensing platforms. Pearson correlation coefficients were computed between all predictor
variables from the 7-in-1 sensor and the target variables measured by the CropX sensor.
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This baseline analysis served two purposes. First, it provided an initial estimate of the
linear relationships between the sensors and helped identify the most relevant predictors.
Second, it established a reference benchmark for evaluating the improvement achieved by
the machine learning models over simple statistical associations.

Additionally, correlations among the predictor variables themselves were analyzed
to identify potential multicollinearity effects. This analysis confirmed strong correlations
between soil nutrient measurements (NPK) and soil electrical conductivity, supporting the
decision to exclude the nutrient variables from the final modeling dataset.

These correlation analyses were used as a preliminary statistical filter to support the
selection of predictors and to identify potentially redundant variables prior to machine
learning model training.

3.3. Model
3.3.1. Model Inputs and Outputs

The predictive models were designed to reconstruct measurements obtained from the
CropX sensing platform using signals from the 7-in-1 soil sensor.
Model inputs (predictors):

e Soil moisture (%)
*  Soil temperature (°C)
e Electrical conductivity (uS/cm)
* pH(pH).
These variables were measured by the 7-in-1 sensor at depths of 20 cm, 40 cm, and
60 cm.
Model outputs (targets):

e Volumetric water content (VWC, %)
¢  Pore water electrical conductivity (ECpw, uS/cm)

These variables were measured by the CropX sensor at depths of 20 cm, 41 cm, and
66 cm.

3.3.2. Predictive Models Evaluated

To estimate the target variables obtained from the CropX sensor volumetric water
content (VWC) and pore water electrical conductivity (ECpw) at different depths, a set of
supervised learning models from distinct methodological families was implemented. These
algorithms were selected due to their documented use in agronomic and environmental
prediction tasks and their ability to capture nonlinear relationships, handle edaphic vari-
ability, and tolerate the instrumental noise characteristic of soil sensing systems. Several
studies have demonstrated that these models can effectively process multivariate sensor
data and represent complex hydrological and physicochemical interactions in agricultural
environments [13,23,24].

The first model considered was Multiple Linear Regression, a classical statistical
approach widely used for modeling relationships between predictor and response vari-
ables [25]. Although its ability to represent nonlinear interactions among soil moisture,
temperature, and electri- cal conductivity is limited, its interpretability facilitates the identi-
fication of general trends and physical relationships between the variables measured by
the 7-in-1 sensor and those obtained from CropX.

The second model evaluated was Random Forest, an ensemble of decision trees built
through bootstrap aggregation. Its capacity to model complex interactions, robustness to
noise, and stable performance with heterogeneous datasets make it particularly suitable
for agronomic applications, where soils often exhibit substantial vertical and temporal
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variability. Previous studies highlight its strong performance in agricultural and IoT-sensor
contexts due to its tolerance to imperfect or noisy data [24]. In this study, the Random
Forest model was implemented with 100 decision trees using bootstrap aggregation and
out-of-bag (OOB) estimation to internally assess model generalization. The algorithm
was trained using parallel processing to improve computational efficiency. Because boot-
strap sampling was enabled, out-of-bag (OOB) estimation was also used as an internal
validation mechanism to further assess the generalization capacity of the model. Addition-
ally, intrinsic feature importance values from the Random Forest model were extracted
to provide preliminary insight into the relative contribution of predictor variables to the
reconstruction task.

The third model included was XGBoost, a gradient boosting algorithm recognized for
its high predictive accuracy in tasks involving complex and nonlinear relationships. Its
iterative optimization of residual errors and incorporated regularization allow it to capture
high-order interactions among moisture, temperature, and soil electrical conductivity.
XGBoost has been widely applied in agronomic prediction and remote sensing analysis,
consistently demonstrating strong performance with multivariate sensor datasets [23].

Finally, a Multilayer Perceptron (MLP) Regressor was implemented. This feed-forward
neural network is capable of approximating highly nonlinear functions. Standardizing the
inputs prior to training improves model stability, particularly when combining variables
with different scales such as temperature, moisture, and electrical conductivity. MLPs have
been successfully applied in digital agriculture to model multivariate sensor time series,
performing well in scenarios characterized by nonlinear interactions and complex temporal
dynamics [13].

To ensure reproducibility and a fair comparison across model families, all algorithms
were implemented using consistent baseline hyperparameter configurations (Table 3). The
objective of this comparison was not exhaustive hyperparameter optimization, but rather
to evaluate the relative predictive capacity of representative model classes under homoge-
neous conditions. All models employed random_state = 42 to ensure reproducibility. In par-
ticular, XGBoost was not subjected to extensive hyperparameter tuning, as the focus of this
study is on virtual sensing feasibility rather than maximizing model-specific performance.

Table 3. Main hyperparameters used for the evaluated machine learning models.

Model Main Hyperparameters

Linear Regression default scikit-learn implementation

Random Forest n_estimators = 100, oob_score = True

XGBoost n_estimators = 100, learning_rate = 0.1, max_depth =3

MLPRegressor hidden_layer_sizes = (50,30), max_iter = 2000,
early_stopping = True
Preprocessing StandardScaler applied before MLP

3.3.3. Training and Evaluation Procedure

To ensure a fair and replicable comparison among models, a standardized training
and evaluation workflow was employed. The final dataset was randomly divided into
training (80%) and test (20%) subsets using a fixed random seed to ensure reproducibility.
The training subset was used for model fitting and internal validation, whereas the test
subset was reserved exclusively for evaluating final generalization performance.

Within the training set, a 5-fold cross-validation scheme was applied to obtain robust
performance estimates and assess model stability across different partitions of the data.
After cross-validation, each model was refitted on the full training set and evaluated on the
held-out test set.
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The evaluation relied on three complementary performance metrics: the coefficient
of determination (R?), the root mean squared error (RMSE), and the mean absolute error
(MAE). RMSE and MAE quantify the magnitude of prediction errors, while R reflects the
proportion of variance in the target variables explained by the model.

Model comparison was based on the balance between predictive accuracy, stability
across folds, and agronomic coherence in the relationships captured between the 7-in-1
predictors and the CropX target variables. This strategy ensured that the selected model
not only performed well statistically but also remained consistent with the physical and
hydrological processes governing soil behavior.

For temporal generalization assessment, the dataset was sorted chronologically, using
the earliest 80% of observations for training and the most recent 20% for testing, enabling
evaluation under future unseen temporal conditions. This approach avoids information
leakage caused by temporal autocorrelation, ensuring that training and testing data corre-
spond to independent temporal segments.

3.3.4. Performance Evaluation Metrics

The performance of the predictive models was assessed using three widely adopted
metrics in agricultural and environmental machine learning: the coefficient of determina-
tion (R?), the root mean squared error (RMSE), and the mean absolute error (MAE). These
metrics are standard in studies involving soil moisture prediction, crop yield modeling,
and digital soil assessment due to their robustness and their ability to quantify different
aspects of the discrepancy between observed and predicted values [26-30].

Coefficient of Determination (R?). Expresses the proportion of the total variance in the
target variable explained by the model. It is defined as:

n A2
R2—1— inzl(yi — i)
Vi (i —9)?

where y; represents the observed value, §j; the predicted value, and 7 the mean of the
observed values. In agronomic modeling, R? is commonly used because it quantifies how
well the model captures the underlying soil and crop-related dynamics [26,27].

Root Mean Squared Error (RMSE). It measures the average magnitude of the prediction
error and penalizes larger deviations more strongly due to the squared term. It is defined as:

1¢ )
RMSE =\ [~} (yi = §:)*.
i=1

RMSE captures absolute predictive accuracy in the same units as the target variable
and is particularly relevant for soil sensors, where abrupt changes in moisture or EC
may indicate meaningful edaphic events. It is one of the most frequently used metrics in
agricultural machine learning and environmental time-series modeling [26,27].

Mean Absolute Error (MAE). Quantifies the average absolute difference between
predictions and observations. It is defined as:

1& .
MAE = — ) lyi = §il.
ni3
MAE is more robust than RMSE to outliers and provides a clear interpretation of the

typical deviation between predicted and true values. This makes it particularly useful in
field sensor studies with noisy measurements [30].
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The combined use of RZ, RMSE, and MAE is standard in evaluating machine learning
models applied to agricultural and environmental prediction, capturing model fit, error
magnitude, and robustness across algorithms [26-29].

All data preprocessing, correlation analysis, model training, and evaluation steps
were implemented in Python 3.11.9 using standard scientific computing libraries including
pandas 3.0.1, NumPy 2.4.3, and scikit-learn 1.8.0. The complete codebase used in this study,
including scripts for dataset construction, exploratory analysis, correlation computation,
model training, and figure generation, is maintained in a GitHub repository. Due to
institutional data restrictions, the repository is currently private but can be made available
for academic and research purposes upon reasonable request. The repository is hosted on
GitHub: https://github.com/AndresParrall/7enl_cropx (accessed on 20 April 2026).

4. Results

This section presents the main findings obtained from the statistical exploration and
machine learning reconstruction of CropX measurements using signals from the 7-in-
1 soil sensor. First, the linear relationships between predictors and target variables are
examined through correlation analysis. Next, the comparative performance of the evaluated
regression models is reported. Finally, the predictive behavior, residual structure, and
robustness of the best-performing model are analyzed.

4.1. Exploratory Correlation Analysis

Pearson correlation analysis revealed clear depth-dependent relationships between
the variables measured by the 7-in-1 sensor and the CropX targets (Figure 2). Among
the selected predictors, the strongest positive association was observed between bottom-
layer soil moisture and CropX moisture at 66 cm (r = 0.92), confirming a strong linear
correspondence at the deepest soil layer.

Correlation between selected 7-in-1 predictors and CropX targets

top_moisture_20cm - 0.38 0.04 EP 065 | o075 | 1.00
top_temperature_20cm 0.34 0.75
top_conductivity_20cm - -0.30 -0.09 -0.02 0.35 0.17 0.09

top_ph_20cm IS <049 0.26 0.21 0.15 050 c

% medium_moisture_40cm —@ 0.45 -0.11 0.21 0.60 ‘ -0.25 %

2 medium_temperature_40cm -0.60 -0.01 m -0.01 -0.37 £

E medium_conductivity_40cm - 0.37 0.34 0.28 -0.42 -0.35 -0.28 000 E

£ medium_ph_40cm 0.24 025 0.06 --025

bottom_moisture_60cm - 0.38 -0.46 mm o
bottom_temperature_60cm 7 -0.07 0.02 -0.45 [ 050
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CropX variables

Figure 2. Pearson correlation coefficients between the selected 7-in-1 predictors and the CropX
target variables.

Relevant correlations were also observed for soil pH. In particular, medium-layer pH
(40 cm) showed strong positive correlations with Moisture at 20 cm (r = 0.82) and moisture
at41 cm (r = 0.75). In addition, bottom-layer pH (60 cm) exhibited a strong association with
ECpw at 66 cm (r = 0.93). These relationships suggest that soil pH provides complementary
information related to the chemical conditions of the soil solution, which can influence both
water dynamics and ion mobility within the soil profile.

The analysis of excluded nutrient variables further revealed that N, P, and K mea-
surements were strongly correlated with soil electrical conductivity, especially at matching
depths (Figure 3). Bottom-layer nutrient measurements presented correlations above 0.91
with bottom electrical conductivity, indicating substantial redundancy between these vari-
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ables. These results support the methodological decision to exclude NPK variables from
the final predictor set while retaining pH as an informative and non-redundant chemi-
cal variable.

Correlation between NPK variables and soil conductiviti/00
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Figure 3. Pearson correlation coefficients between NPK variables and soil electrical conductivity at
the three evaluated depths.

4.2. Comparative Performance of Predictive Models

Four regression algorithms were evaluated for reconstructing CropX measurements:
Multiple Linear Regression, Random Forest, XGBoost, and a Multilayer Perceptron (MLP)
regressor. Model performance was assessed using the coefficient of determination (R?),
root mean squared error (RMSE), and mean absolute error (MAE). The overall comparison
of model performance across all variables and depths is summarized in Table 4.

Across all evaluated targets, Random Forest consistently achieved the highest pre-
dictive accuracy, combining the highest R? values with the lowest RMSE and MAE. For
ECpw at 20 cm, Random Forest reached an R? of 0.9974, with RMSE = 59.7292 uS/cm
and MAE = 11.6511 uS/cm, outperforming XGBoost (R?> = 0.9931), the MLP regressor
(R? = 0.9810), and linear regression (R?> = 0.8511). Similar performance differences were
observed at 41 and 66 cm.

For moisture prediction, Random Forest again achieved the best performance. At
20 cm, the model obtained R? = 0.9990, with RMSE = 0.0870 and MAE = 0.0267. The
remaining models showed lower predictive accuracy, particularly linear regression, whose
R? values ranged between 0.8865 and 0.9281 depending on depth.

These results indicate that the relationships between the 7-in-1 sensor variables (soil
moisture, temperature, electrical conductivity, and pH measured at multiple depths) and
the CropX variables (VWC and ECpw) are strongly nonlinear. Ensemble tree-based models,
particularly Random Forest, are better able to capture these interactions than linear models
or single nonlinear learners.
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Table 4. Comparative performance of the evaluated machine learning models for moisture and ECpw
at different depths.

Target Model R? RMSE MAE
ECpw 20 cm Random Forest 09974 59.7292  11.6511
XGBoost 09931 98.1041  49.5195
MLPRegressor 0.9810 163.0899  97.6081
Linear Regression 0.8511 456.3335 330.3436
ECpw 41 cm Random Forest 0.9950 77.9966  19.3922
XGBoost 09922 974155  48.2055
MLPRegressor 09875 123.4153  76.0642
Linear Regression 0.9638 210.2702 165.8347
ECpw 66 cm Random Forest 0.9986 13.9292 3.7861
XGBoost 0.9960 23.1591 9.6820
MLPRegressor 09891 38.2817  18.0405
Linear Regression 09006 115.4577  81.8562
Moisture 20 cm Random Forest 0.9990  0.0870 0.0267
XGBoost 0.9948  0.1983 0.1182
MLPRegressor 0.9869  0.3155 0.1700
Linear Regression 0.8865  0.9287 0.6882
Moisture 41 cm Random Forest 09976  0.0755 0.0220
XGBoost 0.9939  0.1190 0.0749
MLPRegressor 0.9845  0.1903 0.1151
Linear Regression 0.9281  0.4095 0.3246
Moisture 66 cm Random Forest 09971  0.2396 0.0319
XGBoost 09962  0.2730 0.0992
MLPRegressor 0.9970  0.2429 0.1371
Linear Regression 0.9000  1.4032 1.0172

4.3. Performance of the Random Forest Model by Variable and Depth

Given its superior performance across all targets, Random Forest was selected as the
primary model for detailed analysis. Table 5 summarizes the performance of Random
Forest for each variable and depth.

Table 5. Performance of the Random Forest model for moisture and ECpw at different depths.

Target MAE RMSE R?

Moisture 20 cm 0.0267 0.0870 0.9990
Moisture 41 cm 0.0220 0.0755 0.9976
Moisture 66 cm 0.0319 0.2396 0.9971
ECpw 20 cm 11.6511 59.7292 0.9974
ECpw 41 cm 19.3922 77.9966 0.9950
ECpw 66 cm 3.7861 13.9292 0.9986

For moisture prediction, R? values ranged between 0.9971 and 0.9990, with RMSE
values between 0.0755 and 0.2396. The lowest prediction errors were observed at 41 cm,
where RMSE reached 0.0755 and MAE was 0.0220.

For ECpw, Random Forest achieved R? values between 0.9950 and 0.9986. The highest
predictive accuracy was obtained at 66 cm (R? = 0.9986), where RMSE and MAE reached
13.9292 and 3.7861 uS/cm, respectively.

These results indicate that Random Forest can accurately reconstruct CropX sensor
measurements across the full soil profile using only signals from the low-cost 7-in-1 sensor.
However, these results should be interpreted with caution, as temporal validation indicates
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that such performance is not maintained under chronological data separation, highlighting
the influence of temporal autocorrelation in the dataset.

4.4. Feature Importance Analysis

To provide additional insight into model behavior and improve model interpretabil-
ity, intrinsic feature importance values were computed from the Random Forest models.
Figure 4 resents the mean importance values averaged across all predicted targets (soil
moisture and ECpw at 20, 41, and 66 cm depths).

Top 9 Random Forest feature importances

top_moisture_20cm

bottom_moisture_60cm

medium_ph_40cm

medium_temperature_40cm

bottom_temperature_60cm

Predictor

top_conductivity_20cm

bottom_conductivity_60cm

top_ph_20cm

top_temperature_20cm

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Mean feature importance

Figure 4. Mean intrinsic feature importance analysis.

The results indicate that moisture-related predictors dominate the importance ranking,
particularly top_moisture_20cm and bottom_moisture_60cm. Intermediate soil pH and
temperature variables also showed moderate contributions, while conductivity predictors
exhibited smaller but consistent influence.

Overall, the importance distribution indicates that the model primarily relies on
variables directly related to soil water status, with secondary contributions from physico-
chemical soil properties.

4.5. Performance Under Time-Based Validation

Under the temporal split (80% training, 20% testing), predictive performance de-
creased compared to the random split, particularly for ECpw variables (Table 6). ECpw
41 retained moderate predictive capability (R?> = 0.246), while the remaining variables
exhibited negative R? values, indicating limited extrapolation ability under future tempo-
ral conditions.

Table 6. Comparison of R? between random and temporal validation strategies.

Variable Rfundom R%emporal
Moisture 20 0.9990 —4.2631
Moisture 41 0.9976 —3.3748
Moisture 66 0.9971 —0.4612
ECpw 20 0.9974 —4.6944
ECpw 41 0.9950 0.2463

ECpw 66 0.9986 —2.3081
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Residual (Actual - Predicted)

Predicted value

4.6. Graphical Assessment of Model Predictions

The predictive performance of the Random Forest model was further examined
through graphical diagnostics (Figures 5 and 6). Scatter plots of observed versus pre-
dicted values show a strong concentration of points along the 1:1 line, indicating close
agreement between measured and reconstructed values under random partitioning. How-
ever, this apparent agreement should be interpreted in light of the temporal dependence
structure of the dataset, as adjacent observations are not independent and may contribute
to optimistic performance estimates under random splits.

Comparison between Actual and Predicted Values
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Figure 5. Observed versus predicted values for moisture and ECpw across the three evaluated depths.
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Figure 6. Residual plots for Random Forest predictions across all variables and depths.

Residual plots revealed distributions centered around zero, with no noticeable sys-
tematic patterns or heteroscedasticity. These results indicate that the remaining prediction
errors are small and randomly distributed. Therefore, although graphical diagnostics
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suggest strong predictive performance, these results primarily reflect the model’s ability
to reconstruct concurrent measurements rather than its capacity to generalize to future
unseen temporal conditions.

4.7. Internal Validation and Robustness Analysis

The out-of-bag (OOB) performance estimates obtained during Random Forest training
were consistently high for all targets (Table 7). OOB scores ranged from 0.9980 to 0.9991,
confirming that the model maintains excellent predictive accuracy when evaluated using
internal bootstrap samples.

Table 7. Out-of-bag (OOB) scores of the Random Forest model for moisture and ECpw at differ-
ent depths.

Target OOB Score
Moisture 20 cm 0.9989
Moisture 41 cm 0.9988
Moisture 66 cm 0.9991
ECpw 20 cm 0.9988
ECpw 41 cm 0.9980
ECpw 66 cm 0.9984

Durbin-Watson statistics were close to 2.0 for all targets (ranging from 1.95 to 2.05),
indicating an absence of significant autocorrelation in the residuals.

To further evaluate the stability of the model, six independent Random Forest models
were trained using different random seeds. The resulting performance metrics exhibited
extremely low variability (Table 8), with standard deviations of R? on the order of 10~%.

Table 8. Sensitivity analysis of the Random Forest model to random seed initialization.

Variable R2... R%, QRMSEucan RMSEsy; MAEucan MAEgy,
Moisture 20 cm  0.9990  0.00003 0.0867 0.0014 0.0262 0.0003
Moisture 41 cm  0.9978  0.00010 0.0725 0.0015 0.0215 0.0003
Moisture 66 cm  0.9971  0.00009 0.2399 0.0035 0.0319 0.0002

ECpw 20 cm 0.9974  0.00008 60.5772 0.9582 11.6121 0.0843
ECpw 41 cm 0.9950 0.00007 78.3128 0.5256 19.4480 0.0739
ECpw 66 cm 0.9986 0.00004 13.8038 0.1896 3.7447 0.0410

These results demonstrate that the proposed modeling approach is highly stable and
robust with respect to stochastic initialization and internal sampling procedures.

5. Discussion

The results of this study demonstrate that low-cost soil sensors, when combined with
appropriate machine learning techniques, can reproduce the behavior of high-end probes
such as CropX with high accuracy. Across all depths, the Random Forest model achieved
R? values above 0.995 with low RMSE and MAE, placing its performance at the upper
range of values reported in the soil monitoring and virtual sensing literature. This effect
explains, in part, the very high performance observed under random partitioning, as the
model benefits from temporal proximity between training and testing samples.

However, temporal validation revealed negative R? values for most variables, indicat-
ing that predictive performance decreases substantially when models are evaluated under
chronological data separation. This behavior suggests that part of the predictive relation-
ships learned under random splits is influenced by temporal autocorrelation structures
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present in the dataset. In particular, adjacent time observations are not independent due
to the gradual evolution of soil moisture and ionic dynamics, which can lead to overly
optimistic performance estimates when random partitioning is applied.

The exploratory correlation analysis provides important insights into the physical
relationships underlying the predictive models. Strong correlations were observed between
moisture variables measured by the 7-in-1 sensor and CropX volumetric water content
at matching depths, particularly in the deeper soil layers. In addition, soil pH showed
relevant associations with both moisture and ECpw, suggesting that chemical soil condi-
tions contribute complementary information that helps explain variations in water and
ion dynamics within the soil profile. By contrast, NPK variables exhibited extremely high
correlations with electrical conductivity at the same depths, indicating strong redundancy
between these measurements. This supports the methodological decision to exclude NPK
variables from the predictive models while retaining pH as an informative predictor.

It is important to note that correlations involving soil pH should not be interpreted
strictly as direct causal relationships with moisture or ECpw dynamics. Low-cost multi-
parameter sensors may exhibit cross-sensitivity effects, where measured variables respond
jointly to environmental changes such as rainfall events, temperature fluctuations, or
variations in soil ionic concentration. Consequently, pH should be understood primarily
as an informative predictive feature capturing shared variability in soil physicochemical
conditions, rather than as an isolated mechanistic driver. This interpretation aligns with the
objective of virtual sensing, where predictive usefulness does not necessarily imply direct
physical causality.

A second line of comparison relates to research focused on improving the reliability
of low-cost soil sensors. Setiawan et al. [17] demonstrated that KNN-based calibration
can significantly improve the accuracy of capacitive soil moisture sensors (R? ~ 0.93),
while Kumari et al. [16] showed that affordable sensors such as YL-69 and EC-5 can reach
performance comparable to commercial probes after appropriate calibration. Other studies
have explored virtual sensing and cross-device harmonization approaches to reconcile
measurements from heterogeneous sensors [19,21]. The results presented here extend
this line of work by demonstrating that a single multi-parameter 7-in-1 sensor can re-
construct multiple CropX measurements across three depths with very high accuracy
(R? = 0.9950-0.9990). This suggests that low-cost multisensor platforms may contain
sufficient information to emulate more expensive monitoring systems when combined with
appropriate data-driven models. Recent studies have also explored optimized ensemble
learning strategies for soil variable prediction. Bouhacina et al. [18] proposed a hybrid
metaheuristic optimization framework for tree-based models, reporting improvements in
predictive accuracy for soil temperature across multiple depths. These findings further
support the suitability of ensemble-based approaches for capturing nonlinear relationships
in soil environmental variables. Comparable evidence has been reported in other environ-
mental monitoring applications. Ouadi et al. [20] showed that pressure-based variables
can be used to accurately estimate the Silt Density Index (SDI) in desalination systems
using Gradient Boosting optimized with the Salp Swarm Algorithm. Although the physical
system differs, both studies support the broader principle that easily measurable variables
may contain sufficient information to approximate complex physicochemical indicators
through machine learning models, reinforcing the feasibility of virtual sensing approaches
in resource-constrained monitoring scenarios.

An additional contribution of this study lies in its agroecological and operational con-
text. Many studies on virtual sensing or sensor calibration are conducted under controlled
experimental conditions or in highly instrumented farms where calibration resources are
readily available [15,31,32]. In contrast, this research was conducted in a commercial
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tropical Hass avocado orchard in Colombia, where economic and infrastructural con-
straints often limit the adoption of high-end monitoring technologies. Previous research
in Latin America has mainly focused on irrigation management, climatic variability, and
yield responses in avocado production [33,34], or on Al-based prediction of edaphic and
postharvest attributes [35-38]. However, studies specifically evaluating the capacity of
low-cost sensors to reproduce high-end soil measurements in avocado orchards remain
scarce. Therefore, the present work contributes both methodological and regional novelty
to the literature.

Model robustness was further supported by out-of-bag validation and multi-seed
sensitivity analyses, which revealed negligible variability in R?, RMSE, and MAE across
different stochastic initializations. This stability is particularly relevant in agricultural
applications, where data collection is often limited by logistical constraints and environ-
mental variability. The consistency observed across different random seeds indicates that
the predictive performance of the model is not strongly dependent on stochastic training
conditions. Despite the very high predictive performance obtained, several limitations
should be acknowledged. Additionally, both sensing systems were installed within the
same soil pit and at a short horizontal separation distance, ensuring that measurements
correspond to the same representative soil volume. This spatial configuration reduces
potential bias associated with soil heterogeneity and supports the validity of the proposed
virtual sensing framework under concurrent measurement conditions.

The feature importance analysis supports this interpretation, as moisture-related
predictors were consistently ranked as the most influential variables across depths. This
behavior is consistent with the known dependence of pore water electrical conductivity
on soil water content and ion mobility. The contribution of pH and temperature variables
further reflects expected physicochemical interactions affecting conductivity measurements
in porous media.

Temporal validation using a chronological 80-20 partition produced negative R? val-
ues for most variables, confirming limited extrapolation capability when predicting future
observations. This result indicates that part of the performance observed under random
splits is associated with temporal dependence structures in the dataset, rather than purely
independent predictive relationships between sensors. Such behavior is consistent with
the physical nature of soil processes, where moisture and ion dynamics evolve gradu-
ally over time and exhibit strong temporal continuity influenced by irrigation patterns,
evapotranspiration cycles, and environmental variability.

Therefore, the proposed approach should be interpreted primarily as a virtual sensing
framework for reconstructing concurrent measurements rather than as a fully standalone
temporal forecasting model without periodic recalibration or updating. In practical de-
ployments, recalibration may be required at regular intervals (e.g., seasonal) or following
significant environmental changes such as rainfall events or irrigation cycles, to maintain
predictive accuracy under evolving soil conditions.

Although the objective of this study was to reconstruct high-end sensor measure-
ments rather than directly optimize agronomic management decisions, accurate signal
reconstruction constitutes an essential step toward cost-effective digital agriculture sys-
tems. Demonstrating that low-cost sensor signals can be transformed into high-fidelity
estimates of moisture and ECpw enables applications such as variable-rate irrigation
management, soil salinity monitoring, crop stress detection, and yield prediction. Future
research should evaluate adaptive recalibration strategies, multi-site datasets, and hybrid
modeling approaches that integrate data-driven methods with agronomic knowledge to
improve temporal robustness under changing environmental conditions.
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6. Conclusions and Future Work

This study demonstrates that a low-cost 7-in-1 soil sensor contains sufficient infor-
mation to approximate key soil variables measured by a high-end CropX probe under
concurrent measurement conditions. Using machine learning models, measurements from
the low-cost device were translated into accurate estimates of volumetric water content
(VWC) and pore water electrical conductivity (ECpw) across three soil depths. These results
indicate that strong nonlinear relationships exist between both sensing systems and that
data-driven models can effectively support virtual sensing strategies for soil monitoring.

From an operational perspective, the findings suggest that accessible soil measure-
ments can be leveraged to approximate high-end sensor outputs under similar environmen-
tal conditions in Hass avocado orchards, potentially reducing economic barriers associated
with advanced monitoring technologies. This capability is particularly relevant in regions
where cost constraints limit the adoption of high-resolution soil sensing infrastructure. The
proposed framework contributes to ongoing efforts to develop scalable and cost-effective
digital agriculture solutions.

However, temporal validation revealed that predictive performance decreases sub-
stantially under chronological data separation, with negative R? values observed for most
variables. This result suggests that the models capture relationships that are strongest when
low-cost and high-end sensor measurements are observed concurrently, while extrapolation
to future unseen temporal conditions remains more challenging. Therefore, the proposed
approach should be interpreted primarily as a virtual sensing framework for reconstructing
concurrent measurements rather than as a fully standalone temporal forecasting model
without periodic recalibration or updating.

Future work should evaluate the proposed methodology across multiple growing
seasons, sensor units, and geographical locations to better characterize its robustness
under varying environmental conditions. Adaptive calibration strategies, including online
learning, drift-aware models, and domain adaptation techniques, may improve temporal
generalization under changing soil and climate dynamics. Additionally, integrating data-
driven approaches with soil process knowledge or agronomic expertise may support the
development of hybrid virtual sensing frameworks capable of complementing high-end
monitoring systems in resource-constrained agricultural environments.
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The following abbreviations are used in this manuscript:

Al Artificial intelligence

CWSI  Crop water stress index

EC Electrical conductivity

ECpw  Pore-water electrical conductivity
ETc Crop evapotranspiration

IoT Internet of Things

MAE Mean absolute error

ML Machine learning

MLP Multilayer perceptron
OOB  Out-of-bag

RF Random Forest

XGB Extreme Gradient Boosting
RMSE  Root mean square error
VWC  Volumetric water content
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