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Abstract: Understanding the factors that contribute to slope failures, such as soil saturation, is
essential for mitigating rainfall-induced landslides. Cost-effective capacitive soil moisture sensors
have the potential to be widely implemented across multiple sites for landslide early warning
systems. However, these sensors need to be calibrated for specific applications to ensure high
accuracy in readings. In this study, a soil-specific calibration was performed in a laboratory setting
to integrate the soil moisture sensor with an automatic monitoring system using the Internet of
Things (IoT). This research aims to evaluate a low-cost soil moisture sensor (SKU:SEN0193) and
develop calibration equations for the purpose of slope model experiment under artificial rainfall
condition using silica sand. The results indicate that a polynomial function is the best fit, with a
coefficient of determination (R?) ranging from 0.92 to 0.98 and a root mean square error (RMSE)
ranging from 1.17 to 2.67. The calibration equation was validated through slope model experiments,
with soil samples taken from the model after the experiment finished. Overall, the moisture content
readings from the sensors showed approximately a 10% deviation from the actual moisture content.
The findings suggest that the cost-effective capacitive soil moisture sensors has the potential to be
used for the development of landslide early warning system.

Keywords: soil moisture sensor; water content; sensor calibration; slope model; internet of things

1. Introduction

Landslides, particularly those triggered by rainfall, pose a significant threat to human life and
infrastructure worldwide. The global incidence of landslides is alarming, with thousands of events
reported each year [1], often resulting in catastrophic damage and loss of life. Japan, with its
mountainous terrain and frequent typhoons, faces a recurring threat of landslides caused by rainfall.
Saito [2] reports numerous such events each year, worsened by intense seasonal rains and typhoons.
These landslides cause destruction to infrastructures and significant economic losses and disruptions
[3]. Therefore, it is crucial to have effective monitoring and early warning systems in place in these
regions. Understanding the factors that contribute to slope failures, such as rainfall patterns and soil
saturation levels, is essential for the development of such systems. Research indicates that accurate
prediction and timely alerts can mitigate the impact of these disasters [4,5]. Consequently, there is a
growing focus on enhancing the tools and techniques utilized for monitoring slopes at risk of
landslides.

To comprehend the mechanisms of slope failure, many researchers have conducted small-scale
slope model experiments within laboratory settings [6—10]. These experiments aim to replicate real-
world conditions to study the behavior of slopes under various scenarios. Common equipment used
in these studies includes inclinometers, which measure the angle of slope movements, and pore
pressure transducers, which monitor water pressure within the soil. Additionally, soil moisture
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sensors are crucial for detecting changes in soil water content, a key factor in slope stability [11-14].
These sophisticated instruments provide detailed insights into the processes leading to slope failure,
contributing significantly to our understanding of landslide dynamics. However, the high cost and
complexity of these instruments limit their widespread application, especially in resource-
constrained settings. Therefore, there is a need for more accessible and cost-effective monitoring
solutions. Although some progress has been made in this area [14-17], many existing systems remain
impractical for widespread application due to challenges related to affordability, scalability, need for
expertise, and maintenance in remote or developing regions. These limitations underscore the
ongoing inadequacies in landslide monitoring systems, particularly in susceptible locations that
would benefit from more long-term solution.

With the current advancements in technology, the development of low-cost sensors integrated
with the Internet of Things (IoT) presents a promising solution. IoT technology enables the remote
collection and transmission of data, making it possible to monitor slope failure vulnerability in
multiple sites simultaneously and in real-time [18-20]. One notable example is the SKU:SEN0193, a
low-cost capacitive moisture sensor that offers a feasible alternative for widespread monitoring and
has been widely studied for agricultural purposes [21-24]. This sensor is not only affordable but also
capable of providing real-time data. In the context of landslide monitoring and mitigation,
SKU:SEN0193 has the potential to be used effectively in landslide early warning systems. Moreover,
integrating this soil moisture sensor with IoT platforms allows for continuous monitoring and data
analysis, enhancing the effectiveness of landslide prediction models. This approach not only reduces
costs but also improves the accessibility of landslide monitoring technologies.

To ensure the accuracy and reliability of this low-cost moisture sensor, calibration on specific
soil types and properties is essential, as the calibration results significantly influence sensor readings,
making calibration a critical step [22,24,25]. This research aims to evaluate the performance of low-
cost capacitive moisture sensors (SKU:SEN0193) by developing calibration equations to predict soil
moisture content. To verify the results, the moisture sensors were tested in slope model experiments
under laboratory condition in different rainfall intensities. After the completion of the slope model
experiment, the moisture contents detected by the sensors were compared against the actual soil
moisture contents. The validation of calibration equations through slope model experiments shows
the effectiveness of the moisture sensors in delivering accurate data, thus supporting cost-effective
solutions for a landslide early warning system.

2. Materials and Methods
2.1. Data Acquisition

Six low-cost capacitive soil moisture sensors SKU:SEN0193 from DFRobot were used in this
study. Each sensor operates within a voltage input range of 3.3 to 5.5 V, measures 9.8 x 2.3 cm (L x
W) and weights15 grams, making it compatible with low-power microcontrollers [26]. Its surface is
coated with a corrosion-resistant material, enhancing its durability. To protect the electronic
components of the moisture sensors from short circuits, oxidation, and physical damage during
experiments, the electronic parts were covered with silicone, making them waterproof. From the
following, the term moisture sensor is used, instead of SKU:SEN0193. In addition, two Slyfox soil
moisture meters were used to measure the soil temperature. This commercial device, designed
specifically for agricultural applications, incorporates a temperature measurement feature for soil
assessment [27]. Lastly, an ENV III environmental sensor from M5Stack was employed to measure
room temperature, humidity, and atmospheric pressure. The ENV III sensor is capable of measuring
temperatures ranging from -40 to 125 °C, relative humidity from 0 to 100 %, and air pressure from
300 to 1100 hPa. The equipment used for this study is shown in Figure 1.

The moisture sensor and ENV III were connected to the Mb5Stack Core2, serving as a
microcontroller unit for aggregating and transmitting data to a cloud server via the internet. The
Mb5Stack Core2 has dimensions of 5.4 x 5.4 x 1.6 cm (L x W x H) and is equipped with a 390mAh 3.7V
built-in battery. It features a dual-core Xtensa® 32-bit 240MHz processor, onboard 16MB Flash and
8MB PSRAM, and a USB Type-C interface for charging, program downloading, and serial
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communication. The M5Stack Core2 was programmed using the Arduino programming language.
To monitor and download data from the cloud server, an open-source Internet of Things (IoT) data
visualization tool Ambient (https://ambidata.io/) was utilized. The experiment setup is presented in
(Figure 2), while the component and total cost for the study was around US$ 260 (Table 1).

Capacitive sojf
Moisture Sensor v o

Figure 1. Equipment used: a) moisture sensor, b) soil moisture meter, ¢) M5Stack Core2, and d) ENV
IIT sensor.

Table 1. The overall expenditure associated with the implementation of the soil moisture monitoring

system (US$ in May 2024).
Item Quantity Unit Cost ($) Subtotal ($) Total (%)
M5Stack Core2 3 46.90 140.7
SKU:SEN0193 6 5.90 35.4
Slyfox 2 39.15 78.3
ENV III sensor 1 5.95 5.95

260.35

Figure 2. Overview of calibration experiment setup.

2.2. Soil Properties and Calibration Process

Commercially available silica sand grade 7 was used for this research, hereafter referred to as
K7 sand. This sand was chosen because it is frequently utilized in slope model experiments to
examine the failure mechanisms associated with rainfall-induced landslides, particularly in scenarios
where sandy soils play a critical role in the triggering process [28-31]. The soil particle size
distribution and properties are presented in Figure 3 and Table 2.
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Figure 3. Particle size distribution of K7 sand.
Table 2. Soil properties of K7 sand.
Description Value
Specific Gravity, Gs 2.62
Density of soil, pt (g/cm?3) 1.51
Dry density of soil, pa (g/cm?) 1.40
Maximum dry density of soil, pd max (g/cm?3) 1.60
Minimum dry density of soil, pd min (g/cm?3) 1.19
Void ratio, e 0.87

To achieve precise calibration and ensure the accuracy of the moisture sensor, a calibration
experiment was carefully designed. Upon completion, the output was the calibration equation for
each soil moisture sensor. To verify these calibration equations, three slope model experiments with
different rainfall intensities were conducted. In the slope model experiments, the raw data from the
soil moisture sensors were converted using the calibration equation to measure the soil moisture
content. Therefore, the calibration process was designed according to the slope model experiment,
since the sensor measurements during calibration are strongly influenced by sample preparation and
calibration protocols [32,33]. The calibration experiment involves ten steps:

1. The dimensions of the soil box were measured, and the required amount of soil was determined.
Additionally, the weight of soil for two layers was calculated. The soil box was then marked at
heights of 5 cm and 10 cm for the first and second layers, respectively.

2. Water equivalent to 5% of the weight of the soil was mixed to the oven-dried soil.

3. Half of the soil prepared in step 2 was placed in the soil box to create the first layer, after which
it was compacted to match the height of the first layer.

4. Six moisture sensors were placed on top of the first soil layer. The moisture sensors were
positioned at an adequate distance from one another to prevent any potential interference.

5. The remaining soil-water mixture prepared in Step 2 was placed and compacted to match the
height of the second layer.

6. The soil box was covered with a plastic sheet to minimize potential moisture evaporation and
the soil sample was left to homogenized for 20 to 40 minutes.

7. The moisture sensors recorded three measurements (5 minutes each). The average value of these
measurements was used for the analysis of moisture sensor calibration.

8.  Both soil and room temperatures were recorded.

9. Soil samples were collected from locations near the moisture sensors, and the actual soil
moisture content was measured.

10. Steps 2 through 9 were repeated, increasing the water incrementally by 5% until the soil sample
indicates saturation conditions.
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To fit and evaluate both linear and non-linear regression models, the programming language
and numeric computing environment MATLAB version R2023b was utilized. The first model was
linear, the second was logarithmic and the quadratic was considered as polynomial in the third
model. The best-fitted model was determined based on its high coefficient of determination (R?) and
low root mean square error (RMSE).

2.3. Slope Model Experiment

Slope model experiment was designed to test the soil moisture sensors in a controlled
environment under rainfall intensities of 100, 70, and 45 mm/h. The dimensions of the slope model
and the positions of the sensors for the experiments are illustrated in Figure 4. The slope model
measured 80 cm in length, 40 cm in width, and 45 cm in height. The slope angle was set to 45°. This
slope angle was chosen as it represents a practical compromise between stability and the risk of
failure, allowing for effective modeling of real-world conditions. The slope model was constructed
by compacting the soil every 5 cm, while the base layer was compacted at 10 cm of height. There were
a total of eight soil layers with a soil dry density of 1.40 g/cm? and an initial water content of 10%. A
rainfall simulator was designed to simulate uniform and continuous rainfall with different rainfall
intensities. The rainfall is generated by nozzles attached to the rainfall simulator frame installed
above the flume tank.

20 cm 35cm 25 cm

Figure 4. Overview of slope model and moisture sensor layout.

After each experiment, soil samples were collected from the near respective moisture sensors.
The purpose is to measure the actual moisture contents (w,) of the soil and verify the result with
the moisture contents monitored by the sensors. Moisture content from the collected soil samples
were measured by oven-drying them. It is expressed by the weight ratio difference between wet and
dry samples. The water mass ratio is established by drying the soil samples in an oven at a
temperature of 100-110 °C until a constant mass is reached, followed by measuring the weight of the
soil samples before and after the drying process. The calculation is following the formula:
Mg — My
Wact = m X 100 (1)
where m, is mass of the sample and container, m;, mass of the oven-dried sample and container,
m, is mass of container in gram.

2.4. Statistical Evaluation

Three statistical indicators were used to quantify the accuracy of the calibration equations:
coefficient of determination (R?), root mean square error (RMSE), and mean biased error (MBE)
[24,34]. R? describes the correlation between the calibrated and actual values (Eq. 2), RMSE was used
to describe the accuracy between calibrated and actual values (Eq. 3), and mean biased error (MBE)
was used to measure the deviation of overall calibration results (Eq. 4).
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where n is the sample size, wy is the sensor measured value, w; is the mean sensor measured value,
Wgee is the actual value, and wg, is the mean actual value.

3. Results
3.1. Moisture Sensor Calibration

The SKU:SEN0193 is one of the moisture sensors designed for integration into the Internet of
Things (IoT), allowing for operation at low power levels ranging from 3.3 to 5V. Verifying the
operating voltage of 3.3 to 5V in the moisture sensor, including checking the timer chips and voltage
regulator [35,36] was the initial step before utilizing it. In this study, the authors were using
SKU:SEN0193 v1.0. Both the timer chip and voltage regulator for all moisture sensors were examined
and found to operate within the 3.3 to 5V range.

Figures 5-7 illustrates the sensor values obtained from all tested moisture sensors plotted against
true soil moisture contents, and the fitting curves of three different types of calibration equation are
shown as dotted lines. True soil moisture content refers to the actual moisture content measured from
oven-dried samples, as described in step 9 of section 2.2. The calibration lines closely align for all
sensors, indicating consistent performance across different sensor units in measuring soil moisture
content. Each sensor demonstrates a similar trend but with variations in sensor value readings,
suggesting minor differences in calibration or sensitivity among the sensors. The calibration equation
results and statistical evaluation of moisture sensors are presented in Table 3. Statistical analysis
reveals that a polynomial equation yields the best calibration results due to its high R? and low RMSE
compared to other type of equations. Furthermore, data from the calibration process follows a
polynomial trend, which can be attributed to a nonlinear behavior of the sensor’s response to changes
in soil moisture [21,22,37,38].

The calibration equation presented in Figure 7 shows that all sensors had difficulties in
measuring moisture content below 5%. Similar cases were observed in previous studies [39,40],
where some sensors had difficulty in measuring below or above certain values. This issue could be
caused by the soil samples were not completely compacted as it will affect the soil-sensor contact.
Alternatively, it is possible that the sensor is not sensitive enough to detect moisture at lower soil
moisture levels.
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Figure 5. Calibration of moisture sensor using linier equation.
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Table 3. Calibration equation results and statistics evaluation of moisture sensors.

Sensor  Equation Type Calibration Equation R2 RMSE
Linier y =-0.0183x +49.779 0.71 5.06
MS1 Logarithmic y = -42.14In(x) + 332.28 0.79 4.36
Polynomial y =3E-05x2 - 0.1582x + 197.23 0.98 1.31
Linier y =-0.0199x + 51.084 0.76 4.69
MS2 Logarithmic y = -43.16In(x) + 337.9 0.83 3.92
Polynomial y = 3E-05x2 - 0.1475x + 179.65 0.98 1.17
Linier y =-0.0203x + 53.802 0.74 5.08
MS3 Logarithmic y =-45.85In(x) + 360.54 0.81 4.30
Polynomial y =3E-05x2 - 0.1527x + 193.14 0.97 1.72
Linier y =-0.0196x + 52.613 0.66 5.65
M54 Logarithmic y =-45.38In(x) + 357.42 0.73 5.07
Polynomial y =4E-05x2 - 0.206x + 253.52 0.95 2.18
Linier y =-0.0193x + 50.437 0.71 5.03
MS5 Logarithmic y =-42.55In(x) + 333.98 0.78 4.41
Polynomial y = 3E-05x2 - 0.1449x + 179.61 0.92 2.67
Linier y =-0.0191x + 50.47 0.72 4.94
MS6 Logarithmic y = -43.02In(x) + 337.97 0.79 4.25
Polynomial y = 3E-05x2 - 0.1658x + 203.54 0.98 1.42

Room temperature, relative humidity and air pressure during the calibration process were
shown in Figure 8 and presented as text axis, which displays label as categories along the x-axis.
Calibration process took up three days due to technical issues in the preparation. The room
temperature is relatively constant during the calibration process, ranging from 18.7 to 19.7°C. Relative
humidity shows an increase, while air pressure decreases over time with a significant drop around
the point where humidity sharply rises. This suggests that humidity and air pressure have an inverse
relationship: humidity tends to rise as air pressure declines, likely because lower pressure permits
the air to contain more moisture. Temperature appears to be less directly affected by these changes,
maintaining a consistent trend despite the variations in humidity and air pressure.
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3.2. Slope Model Experiment

In slope model experiments, it is essential to assess the fundamental aspects of slope behavior
and evaluate the roles played by factors such as geometry, initial and boundary conditions, and soil
properties. However, since this study aims to validate the results of moisture sensor calibration
equations, the aforementioned aspects are not the focus of this paper.

In this section, moisture sensors were tested in slope model experiments, and the soil moisture
contents were observed under different artificial rainfall conditions. Figure 9 illustrates the changes
in subsurface moisture contents recorded by the moisture sensors in response to rainfall over time
since the beginning of the experiment. Initially, all moisture sensors recorded a similar moisture
content of around 10%. As the soil was subjected to 100 mm/h rainfall (Figure 9a), moisture sensors
near the surface (MS1, 2, 3, 4) recorded an increase in soil moisture content, followed by moisture
sensors located further from the surface (MS5 and 6). Within 10 minutes, all moisture sensors located
near the surface recorded a change in soil moisture content and reached critical condition within 30
minutes, while MS5 and 6 started to record an increase in soil moisture content within 30 minutes
and reached critical condition within 50 minutes. Critical condition in this experiments refer to the
condition where the moisture sensors recorded relatively stable of soil moisture content. A similar
pattern was observed in slope model experiments under 70 and 45 mm/h rainfall, although lower
rainfall intensities resulted in slower moisture detection by the sensors. This demonstrates that

rainfall intensity directly influences the response time of the moisture sensors due to rainwater
infiltration.
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Figure 9. Moisture content monitoring result on different rainfall intensities: a) 100 mm/h, b) 70 mm/h,
and c) 45 mm/h.

During the slope model experiment, temperature, humidity and air pressure has minor changes
as presented in Figure 10. The temperature remains within a narrow range, with a difference of only
0.06°C, indicating a stable trend. Humidity levels are also stable, consistently around 62%, indicating
no significant changes in moisture levels. Air pressure shows slight increase but remains relatively
steady, above 1004 hPa. This stability shows that the environmental conditions during the slope
model experiment were remain consistent.
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Figure 10. Temperature, humidity and air pressure during slope model experiment (100 mm/h).

4. Discussion
4.1. Moisture Sensor Calibration

Performance evaluation of soil moisture sensors was conducted in the laboratory settings. Soil
temperature during sensor calibration was constant at 16.0 + 1.4 °C. The comparison of moisture
content with actual moisture content is presented in Figure 11. The derived moisture contents (w)
were obtained from the known quantities of water added to the oven-dried soil before the calibration
process, while the actual moisture contents (w,.,) were determined by the oven-drying soil samples
after the measurement in the calibration process. It is shown that the derived moisture and the actual
moisture content are almost identical. However, the values changed when the moisture content
exceeded 25%, suggesting that the recorded moisture content deviates when the soil reaches critical
condition.
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Statistical results reveal that individual sensor calibration using a polynomial equation yielded
the lowest R? of 0.92, the highest RMSE of 2.67, and an MBE of -0.03, whereas the universal or
generalized calibration from all sensors produces values of R2, RMSE, and MBE of 0.92, 2.74, and 5.44,
respectively. Despite the identical value of R? the universal calibration exhibited higher RMSE and
MBE values. A high RMSE value indicates a significant deviation between the sensor-measured
moisture contents and the actual moisture contents, indicating a lack of precision in the model.
Furthermore, a positive 5.44 in MBE indicates a significant systematic error in the measurements,
suggesting that, on average, the sensor consistently overestimates the actual moisture contents.
Therefore, although individual sensor calibrations demonstrated the same R? values compared to
universal calibrations, the higher RMSE and MBE values in the universal calibration highlight greater
imprecision and systematic overestimation errors. It is important to note that converting the raw
sensor values using universal calibration can lead to inaccuracies when measuring the initial
moisture content, despite the consistent trend of increasing moisture content. These inaccuracies are
likely due to the inherent variability of individual sensors. Each sensor may have unique
characteristics and responses due to manufacturing differences, environmental conditions, and wear
and tear. Universal calibration applies a generalized correction that cannot accommodate these
individual sensor variances, resulting in systematic error and inaccuracies.

This finding is specific to the tested soil sample and may have different results with different
types of soil and conditions [40,41]. Previous studies [37,39,42] have consistently emphasized the
importance of utilizing a local or individual calibration curve for a specific type of soil rather than a
universal calibration approach. The polynomial function of the individual sensor calibration curve
demonstrates satisfactory consistency between soil moisture content and sensor value with R? greater
than 0.90, similar to the correlation found in other studies [22,25,39,43].

4.2. Sensor Performance in Slope Model Experiment

After the slope model experiment concluded, soil samples were collected to measure the actual
soil moisture content (w,;), which was then compared to the moisture content readings obtained by
the sensors wg (Figure 12). The differences in moisture contents (Aw) are presented in Table 4.
Positive values indicate an overestimation of moisture content, while negative values indicate an
underestimation of moisture content by the sensors. The mean bias error of the sensors in the slope
model experiment under rainfall intensities of 100, 70, and 45 mm/h are 0.39, 4.43, and 1.20,
respectively.
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Table 4. The difference between sensor and actual moisture content on different rainfall intensities.

Rainfall intensity of 100 mm/h  Rainfall intensity of 70 mm/h ~ Rainfall intensity of 45 mm/h

Sensor
ws (%) Wact (%) Aw (%) ws (%) wat (%)  Aw (%) ws (%) waet (%) Aw (%)
MS1 25.5 26.7 -1.2 26.2 25.3 0.8 26.7 26.6 0.1
MS2 24.0 255 -1.5 27.7 25.5 22 25.7 25.6 0.0
MS3 24.6 26.6 -2.0 23.7 26.9 -3.2 25.8 26.9 -1.1
MS4 31.6 26.6 5.0 35.8 26.3 9.5 33.2 25.9 7.3
MS5 26.1 26.3 -0.2 36.2 26.0 10.2 21.7 27.3 -5.6
MS6 28.1 26 2.1 32.6 25.5 7.1 32.6 26.0 6.5

The disparity between the actual and the sensor moisture content (Aw) could be caused by the
calibration process and its estimations. For instance, the calibration data of moisture sensor number
2 (MS2) is illustrated in Figure 13. At point A, the polynomial equation underestimates the moisture
content. During calibration, a sensor value of 1757 corresponded to 14.2% of the soil moisture content.
However, when using the individual calibration equation for MS2, the same sensor value is equal to
12.5% of moisture content.

On the contrary, the calibration equation overestimates the soil moisture content value at point
B. During the calibration process, a sensor value of 1572 corresponded to a soil moisture content of
19.1%, while the calculated moisture content using the polynomial calibration equation was 21.5%.
The deviation in sensor readings could reduce the accuracy of the monitoring system. However, in
the case of an example presented above, the moisture content difference or error of +10 % is acceptable
given that previous research has already mentioned that this sensor has medium accuracy [39]. It is
important to note that both underestimation and overestimation occur in all moisture sensors, as
presented in Figure 7.

30

25

y = 0.00003x? - 0.1475x + 179.65

20 +
R? = 0.98

sl oA
10 b

5F

0Fr

Soil Moisture Content (%)

5r

_10 1 1 1
1400 1600 1800 2000 2200 2400 2600 2800 3000
Sensor Value

Figure 13. Calibration equation of Moisture Sensor number 2.

The calibration process and the slope model experiment were carried out around the end of
winter, which explains the relatively low temperatures observed. During the calibration process,
variations in humidity and air pressure were observed. However, these variables slightly changes
during the slope model experiment. This difference can be attributed to the timing of the two
experiments: sensor calibration was performed at different times over three days, when air pressure
and relative humidity naturally fluctuate, while the slope model experiment was conducted in the
middle of the night, when the environmental conditions were more stable [44,45]. Overall, these
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findings emphasize the importance of timing in experimental design, as it significantly impacts the
environmental conditions affecting sensor calibration and performance.

The drawbacks of the experiment included, but were not limited to, experimental and human
errors, as well as the use of soil with uniform particle size (Figure 3). Uniform soil, such as coarse
sand, has a lower sensor-surface contact area, while fine sand has a higher sensor-surface contact
area, both of which affect the sensor readings. Additionally, soil temperature, salinity, and bulk
density also influence the sensor values [46,47]. Another aspect that was not tested in this research is
the durability of the sensor under laboratory conditions. To improve the accuracy of sensor readings
and mitigate these issues, several methods can be implemented: 1) Conducting calibration process
with different soil particle size, salinity and density; 2) Periodic calibration is crucial, as sensor age
can affect reliability [48]. The calibration of sensor systems, like the interdigital conductance sensor
for measuring liquid film thickness, highlights the importance of accurate measurements for system
reliability [49]; 3) Conducting calibration and slope model experiments in a similar environmental
settings to improve precision, and; 4) Applying filters such as the Kalman filter helps reduce noise
and correct systematic errors in sensor data [50]. Furthermore, utilizing machine learning algorithms
enables analysis of sensor drift, noise and biases over time [51,52].

To expand this study, the authors suggest to validate the calibration and accuracy of soil
moisture sensors by deploying the system in the field to monitor a real slope. This validation will
contribute to a better understanding of sensor behavior in more complex conditions, data stability,
durability or life expectancy, and other factors that could lead to data faults [48]. For instance,
moisture sensors deployed in the field may experience higher noise compared to those in a laboratory
study [53]. Therefore, denoising the transmitted data received by the server is important to avoid
false alarms in the development of the landslide early warning system. Finally, the authors would
suggest maintaining the total construction of the monitoring system as minimal as possible since the
system has the potential to be adapted as a landslide early warning system installed across the globe
and reduce the impact of disasters caused by landslides.

5. Conclusions

To ensure the accuracy and reliability of low-cost moisture sensor, calibration on specific soil
types and properties is important, as the calibration results significantly influence sensor readings.
This study evaluated the performance of low-cost soil moisture sensor (SKU: SEN1093) through
laboratory experiment. The study began with the calibration of moisture sensors to develop sensor
calibration equations and identify the equation that yields the best results. The calibration results
were then verified through three slope model experiments using silica sand, with varying rainfall
intensities. The following conclusions summarize the key outcomes and implications of this study:

1.  According to the statistical analysis, calibration using the polynomial equation performed best
compared to the linier and logarithmic equations. The polynomial equation exhibited the lowest
R? of 0.92, the highest RMSE of 2.67, and an MBE of -0.03.

2. The developed soil-specific calibration equation for the slope model experiments provided
moderate accuracy, yielding a prediction error of +10%. This prediction error is due to the
sensors’ underestimation and overestimation of the actual moisture content.

3. The study suggests that individual sensor calibration achieves greater accuracy than universal
or generalized calibration. Overall, universal calibration exhibited lower R? value, and higher
RMSE and MBE, indicating a lack of accuracy and precision in the model.

4.  The calibration process can be influenced by the time of day, when humidity and air pressure
naturally fluctuate, whereas the slope model experiment experienced stable nighttime
conditions for both humidity and air pressure. This underscores the importance of scheduling
or timing to ensure consistent environmental factors in sensor testing.

The use of low-cost moisture sensors integrated with the Internet of Things (IoT) shows its
potential to be used for the development of landslide early warning system. It is necessary to have
an in-depth slope model research that incorporates all parameters that affecting sensor behavior
under different conditions, such as variation in soil temperature, salinity, particle size, and bulk
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density. Lastly, further studies should be undertaken to assess the sensor behavior in a real-world
scenario under field conditions.
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