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Abstract

Subsoil compaction is a major constraint in sugarcane production, limiting yields and
reducing resource-use efficiency. This study presents WireDepth, an innovative cloud-
connected monitoring system that leverages edge computing and IoT technologies for
real-time, spatially aware analysis and visualization of subsoiling depth. The system inte-
grates ultrasonic, laser, inclinometer, and potentiometer sensors mounted on the subsoiler,
with on-board microcontroller processing and dual wireless connectivity (LoRaWAN and
NB-IoT/LTE-M) for robust data transmission. A cloud platform delivers advanced ana-
lytics, including 3D depth maps and operational efficiency metrics. System accuracy was
assessed using 300 reference depth measurements, with Root Mean Square Error (RMSE)
and Mean Absolute Percentage Error (MAPE) calculated per sensor. The inclinometer and
potentiometer achieved the highest accuracy (MAPE of 0.92% and 0.84%, respectively),
with no significant deviation from field measurements (paired t-tests, p > 0.05). Ultrasonic
and laser sensors exhibited higher errors, particularly at shallow depths, due to soil debris
interference. Correlation analysis confirmed a significant effect of depth on sensor accuracy,
with laser sensors showing the strongest association (Pearson r = 0.457, p < 0.001). Field val-
idation in commercial sugarcane fields demonstrated that WireDepth improves subsoiling
precision, reduces energy waste, and supports sustainable production by enhancing soil
structure and root development. These findings advance precision agriculture by offering a
scalable, real-time solution for subsoiling management, with broad implications for yield
improvement in compaction-affected systems.

Keywords: precision agriculture; LoRaWAN; sustainable farming; edge computing

1. Introduction
Sugarcane (Saccharum officinarum L.), cultivated on over 26 million hectares globally

for sugar, bioenergy, and fiber, faces critical yield limitations from subsoil compaction.
In heavy clay regions such as Khuzestan, Iran, multi-year ratooning under machinery
loads exceeding 20 Mg leads to soil densification (bulk density >1.8 g/cm3, penetration
resistance >3 MPa), causing yield losses of up to 39%. Traditional subsoiling to 80–90 cm
depth lacks real-time spatial feedback, resulting in ±15 cm depth variance and up to 35%
energy waste due to non-optimized draft forces.
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Intensive tillage, heavy machinery during harvest (often under unsuitable wet condi-
tions), and frequent truck traffic for cane transport are significant factors contributing to
subsoil compaction and degradation of topsoil structure [1,2]. Tractor wheel traffic during
field operations increases soil bulk density and penetration resistance, thereby impeding
water and air movement in the root zone and ultimately reducing crop yield [3]. Although
tillage temporarily reduces bulk density, repeated passes of farm machinery and structural
degradation over time restore soil compaction [4]. Empirical studies have shown that
subsoiling substantially improves soil physical and biological properties. Ref. [4] reported
that subsoiling reduced soil bulk density in surface and subsurface layers, enhanced soil
structure, and increased soil nitrogen (N) availability from 218–224 (conventional tillage)
to 252–310.2 kg ha−1. Soil microbial biomass carbon (SMBC) also increased by 39–73% at
0–15 cm depth and 32–46% at 15–30 cm depth relative to conventional tillage. Correspond-
ingly, sugarcane and sugar yields improved markedly, with pre-plant subsoiling achieving
97.26 t ha−1 and 11.87 t ha−1, respectively, while mean ratoon cane yield increased to
117.6 t ha−1 and sugar yield to 14.48 t ha−1, compared to pre-plant tillage methodologies.
Given these benefits, monitoring subsoiling depth is critical for optimizing soil structure,
enhancing root development, and maximizing crop yields in sugarcane cultivation.

Methods of automatically detecting tillage depth have been extensively studied by
researchers worldwide [5–7]. A comprehensive body of research has explored the develop-
ment of advanced sensor technologies for precise monitoring of tillage depth, addressing
the critical need for accurate implement control in agricultural applications. Ref. [8]
mounted a tilt sensor on a tractor’s lifting arm to monitor its angular deviation relative to
the horizontal plane. By modeling the relationship between arm inclination, linkage mech-
anism geometry, and the sensor’s voltage output, their system reliably estimated tillage
depth. Ref. [9] combined ultrasonic sensors and inclinometers in a detection system. The
ultrasonic sensors, placed at the front of the chassis, measured implement height above the
soil, while inclinometers on the connecting arm between the gauge wheel and the chassis
captured angular displacement. This geometric integration enabled depth calculation with
an error margin of ±10 mm under controlled experimental conditions. Ref. [10] proposed a
tillage depth detection apparatus comprising a structural frame, a tilt sensor, and a sliding
board that tracked surface contours. By measuring angular displacement between the
implement frame and tractor, and applying geometric modeling, their system accounted
for dynamic surface interactions to improve accuracy. Similarly, Ref. [11] developed a
measurement device featuring a tilt sensor mounted to the linkage between the implement
frame and the gauge wheel for depth measurement. More recently, Ref. [12] introduced
a mechanical angle sensor to calculate tillage depth from the alignment of the tractor’s
hydraulic lifting arm, providing a cost-effective and practical alternative.

Collectively, these studies demonstrate the potential of diverse sensor technologies,
ranging from ultrasonic and tilt sensors to accelerometers and encoders, for precise tillage
depth monitoring. However, significant challenges remain, particularly in maintaining
measurement accuracy under field conditions with uneven terrain, soil variability, and
debris. These limitations highlight the need for more robust sensors and advanced data
processing algorithms. Moreover, most existing systems lack real-time data transmission or
integration with Internet of Things (IoT) frameworks, restricting their scalability and use-
fulness in connected, data-driven agriculture. Incorporating IoT-enabled communication
and cloud connectivity would enable continuous depth monitoring, on-the-fly adjustments
to operating conditions, and advanced analytics, thereby improving efficiency, precision,
and decision support in tillage operations.

Ref. [13] employed an IoT framework based on single-point Global Positioning Sys-
tem (GPS) telemetry. Using a dual-constellation receiver mounted on a tractor, they ac-
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quired kinematic trajectory data, which were converted from geodetic to planar coordi-
nates via Gauss–Krüger projection. This approach enabled computation of the sub-soiled
area with a relative measurement uncertainty of 2.09%. Building on this, Ref. [14] inte-
grated smartphone-based hardware with a cloud-service architecture to create a mobile,
cloud-centric platform for field data acquisition and analysis. Ref. [15] introduced an
IoT-integrated edge-computing framework for high-precision, temporally synchronized
monitoring of subsoiling operations. Their system employed an on-board depth-estimation
algorithm that fuses tractor inertial attitude data with kinematic signals from the subsoiler,
achieving real-time depth estimation with an average absolute error below 1.2 cm. This pro-
vided operators with continuous and accurate feedback on implement penetration depth.

This study introduces WireDepth, a next-generation subsoiling monitoring system
that builds on previous IoT- and edge-computing approaches while addressing their key
limitations. The objectives of this study were to (i) develop and describe the architecture
of the WireDepth system, an IoT-enabled platform integrating multiple sensor modalities
with edge computing for robust depth estimation under real field conditions; (ii) rigorously
evaluate and compare the accuracy and reliability of ultrasonic, laser, inclinometer, and
potentiometer sensors using statistical metrics and significance tests; and (iii) validate the
overall system’s performance, leveraging dual wireless connectivity (LoRaWAN and NB-
IoT/LTE-M) for reliable data transmission and cloud-based analytics to deliver 3D depth
maps, efficiency metrics, and decision-support tools via user-friendly web and mobile
applications. Collectively, these innovations position WireDepth as a fully cloud-connected,
IoT-enabled solution for real-time precision subsoiling management.

2. Materials and Methods
To evaluate the performance of the proposed subsoiling depth monitoring system

(WireDepth), field experiments were conducted at the Sugarcane & By-products Develop-
ment Research & Training Institute of Khuzestan, Iran (31.7926◦ N and 48.7674◦ E). The
experimental site is characterized by loamy clay soil with a pH of 6.5–7.0, representative
of the heavy-textured soils where subsoil compaction is a critical constraint in sugarcane
production (as discussed in the Introduction). Field operations were performed using a
Bulldozer D8 (Caterpillar Inc., Peoria, IL, USA) equipped with a precision subsoiler and
the newly developed WireDepth monitoring system.

2.1. WireDepth System Architecture and Functionality

The architecture of the IoT-enabled subsoiler depth monitoring system (WireDepth),
designed to integrate multiple sensor modalities with dual wireless connectivity for preci-
sion agriculture, is presented in Figure A1 (Appendix A). At its core, an ESP32-WROOM
microcontroller (Espressif Systems, Shanghai, China) managed sensor data acquisition, fu-
sion, and communication. Five sensing units were deployed: (i) an ultrasonic depth sensor
(HC-SR04, OSEPP Electronics, Ontario, Canada; ±3 mm accuracy) connected via GPIO
for real-time implement depth measurement, (ii) a MEMS inclinometer/IMU (MPU6050,
InvenSense Inc., San Jose, CA, USA; ±0.05◦ precision) interfaced through the I2C bus
to detect tilt angle, (iii) a linear potentiometers (Marzak LP-10, Marzak Electronic Co.,
Tehran, Iran; ±0.1 cm accuracy) connected through the analog-to-digital converter (ADC),
(iv) a laser range sensor (TOF10120, Benewake Co., Beijing, China; ±5% accuracy under
indoor reference conditions) for supplemental distance estimation, and (v) a GPS module
(NEO-M8N, u-blox AG, Thalwil, Switzerland; ±2.5 m horizontal position accuracy, <0.6 m)
communicating via UART for precise geolocation and field mapping. For the primary
operational output displayed to the user and utilized in cloud analytics, the system is con-
figured to prioritize the depth reading from the single most accurate sensor. The validation
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results presented in Section 3 identified the linear potentiometer as the primary sensor due
to its superior accuracy and robustness. Data from all other sensors are simultaneously
recorded for the purposes of system diagnostics, data redundancy, and to provide a rich
multi-modal dataset.

The datalogger sampled at 30 Hz, and the microcontroller performed on-board pro-
cessing and sensor fusion. Integrated data were transmitted through three communica-
tion pathways: (a) LoRaWAN module (RFM95W, HopeRF, Shenzhen, China) for energy-
efficient long-range communication in remote fields, (b) cellular IoT modem supporting
NB-IoT/LTE-M (SIM7000E, SIMCom Wireless Solutions, Shanghai, China) for reliable,
higher-bandwidth connectivity in areas with coverage, and (c) Bluetooth 5.0 (on-board
ESP32 interface) for local short-range access on field devices such as smartphones or tablets.
The entire system was powered directly from the bulldozer’s 24 V battery via a protected
DC-DC converter. Power consumption measurements were performed for the two primary
wide-area communication modules. The NB-IoT/LTE-M modem was found to have an
average current draw of ~120 mA during transmission, whereas the LoRaWAN module
drew ~45 mA, indicating a significantly lower power demand for long-range communica-
tion. The LoRaWAN and NB-IoT/LTE-M communication channels connected directly to a
centralized cloud platform, where advanced analytics were executed. The cloud framework
generated three primary outputs: (1) real-time 3D depth maps for spatial visualization
of subsoiling performance across fields, (2) spatial variance analysis to identify depth
uniformity and detect under- or over-subsoiled zones, and (3) operational analytics, in-
cluding efficiency metrics such as fuel consumption per hectare, field coverage rate, and
machine productivity.

2.2. Transmission Workflow

The dual-phase data transmission workflow with its automatic failover mechanism
is illustrated in Figure A2 (Appendix A). During normal operation, sensors continuously
collect subsoiler depth and GPS data at a rate of 2 Hz. The ESP32-WROOM microcontroller
processes this input in real-time, performing multi-sensor data fusion and compressing the
payload before transmission. For communication, the system employs dual-format pay-
load optimization adapted to the available connectivity channel: (1) Cellular Transmission
(HTTP/JSON) via NB-IoT/LTE-M, offering high data fidelity, and (2) LoRaWAN Transmis-
sion (CSV String) optimized for low-bandwidth, long-range communication. Connectivity
selection follows a priority-based approach decision protocol. When the cellular signal
is greater than −110 dBm, data are transmitted immediately over NB-IoT/LTE-M with
guaranteed Quality of Service (QoS 1). If cellular coverage is unavailable but LoRaWAN
signal strength exceeds −120 dBM RSSI, the system defaults to confirmed LoRa transmis-
sion using Spreading Factor 9 [16,17]. Regional duty cycle regulations and the payload size
limit constrained the practical data transmission rate for LoRaWAN. In this configuration,
the airtime for a single packet was calculated to be approximately 825 ms. Adhering to a
1% duty cycle, transmissions were configured at 30 s intervals during active operation to
remain within regulatory limits while providing sufficient data resolution. To minimize
airtime, the payload size was optimized. The JSON structure used for cellular transmission
was measured to be 142 bytes, while the equivalent data encoded in the CSV format was
reduced to 67 bytes. This constituted a payload size reduction of approximately 53%, which
was critical for the efficient use of the LoRaWAN bandwidth. In cases when neither channel
is viable, common in remote sugarcane production fields, data are automatically stored
on a microSD card (SanDisk, Milpitas, CA, USA) using a circular buffer architecture to
prevent memory overflow. The fused sensor data is packaged into a JSON structure for
HTTP transmission, with the corresponding code provided in Appendix B.
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This JSON payload is transmitted via HTTP POST to the cloud endpoint. JSON pro-
vides human-readable structure and seamless integration with web APIs, but typically
incurs higher overhead compared to binary formats. In some cases, especially when serial-
izing structured data, JSON can be approximately 25% larger in size than equivalent binary
representations, depending on the data complexity and use of compression [18,19]. In
LoRaWAN Transmission, to accommodate LoRa’s strict payload size limitations (115 bytes
for DR3/SF9), the same fused data is encoded as a compact comma-separated string [20]:

“2025,6,15,08,23,17,32.1235,48.6543, 56.1, 73.8, 82.7, 82.3,1,1,1,1,1”.
Where fields are explained in Table 1.

Table 1. Data fields and descriptions for the multi-sensor depth measurement system.

Field Description

YY, MM, DD, HH, MM, SS Timestamp
Latitude GPS latitude (◦)
Longitude GPS longitude (◦)
Ultrasonic_depth_cm Depth from ultrasonic sensor
TOF_depth_cm Depth from laser TOF sensor
IMU_depth_cm Depth from MPU6050 inclinometer
Potentiometer_depth_cm Depth from linear potentiometer
Sensor_health Status flags (ultrasonic, TOF, IMU, potentiometer, GPS)

Every minute, the system initiates a connectivity restoration check to evaluate network
availability. Upon detecting restored connectivity, it prioritizes retrieval of the oldest stored
data first, reading batches of 50 records per transmission cycle to optimize packet efficiency.
The ESP32 then retransmits these stored batches using the same network priority logic as
live data (cellular > LoRaWAN > local storage). To guarantee end-to-end data integrity,
stored records are deleted only after explicit acknowledgment is received from the cloud. In
the event of transmission failure, the system employs an exponential backoff retry strategy
with up to three attempts before quarantining problematic data for later processing. Mean-
while, successfully transmitted data follows distinct network-specific pathways (LoRaWAN
packets are routed through regional network servers, while cellular transmissions pass
through mobile operator cores), before converging at the cloud platform. There, specialized
analytics engines transform the incoming streams into actionable insights such as 3D depth
maps, spatial variability analyses, and operational efficiency reports. System robustness is
further reinforced by two resilience features: (i) GPS timestamps enable correct reassembly
of out-of-sequence packets and (ii) dead-reckoning navigation automatically substitutes
when GPS signals are weak, obstructed, or temporarily unavailable.

The ESP32-WROOM microcontroller leverages its dual-core processing capabilities
to optimize data handling and transmission tasks through parallel execution. Core 1 is
dedicated to real-time data acquisition and transmission, continuously interfacing with
the sensor array (ultrasonic depth sensor, MEMS inclinometer, linear potentiometers, and
RTK-GPS) at 20Hz sampling frequency. This core performs time-critical operations, includ-
ing sensor data fusion, Kalman filtering for noise reduction, and immediate packaging of
processed measurements into appropriate transmission formats (JSON for cellular, CSV
for LoRaWAN). Fresh sensor readings are transmitted immediately when connectivity
is available, prioritizing low-latency delivery of current field conditions. Meanwhile,
Core 2 manages connectivity monitoring and historical data transmission, maintaining
persistent network awareness by periodically scanning for available networks (cellular
and LoRaWAN) every 5 min. When connectivity is established, this core retrieves batched
historical records from local storage, applies data compression and sequencing, and or-
chestrates prioritized transmission of stored data using oldest-first queuing. The cores
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communicate through a shared memory buffer protected by mutex locks, ensuring data
integrity while maintaining strict temporal isolation; Core 1 maintains hard real-time perfor-
mance for sensor sampling, while Core 2 executes network operations without disrupting
measurement continuity. This parallel processing architecture reduces end-to-end latency
for real-time data to under 150 ms while maintaining 99.7% transmission completeness for
historical records during intermittent connectivity.

On the cloud platform, JSON payloads transmitted via cellular networks are ingested
directly into a time-series database for real-time analytics. For LoRaWAN transmissions,
compact CSV strings are parsed into structured objects before being stored or analyzed.
The detailed data structures and the parsing workflow are provided in Appendix A for
completeness and reproducibility.

The parser automatically converts raw CSV strings into structured JSON for seamless
integration with cloud databases and APIs. Timestamps are standardized through the
convertTimestamp() function to ensure temporal synchronization across heterogeneous
data streams. Finally, depth values are preserved as floating-point numbers, while sensor
health fields are stored as integers for diagnostic analysis.

2.3. Depth Estimation Using Ultrasonic and Laser Range Sensors

The ultrasonic and laser range sensors measure distance in centimeters by applying
the time-of-flight principle for sound and light, respectively. However, as illustrated in
Figure 1, accurate subsoiling depth measurement estimation requires correcting these
raw distance measurements by accounting for the physical dimensions of the shank nail
and its operating angle. For each bulldozer, the geometric configuration of the shank
nail is predefined and stored on the web server. The ESP32 microcontroller retrieves this
reference configuration and validates it before computation. If discrepancies are detected
(e.g., due to hardware replacement or recalibration), the ESP32 automatically updates
the parameter in its onboard EEPROM (Electrically Erasable Programmable Read-Only
Memory) to ensure consistency in subsequent measurements. The angular displacement
of the shank is continuously monitored by the MPU6050 MEMS inclinometer. Combining
this angular information with the range sensor output, the system computes the corrected
penetration depth according to Equation (1):

D = T − L cos α (1)

2.4. Calculating Angle and Depth Using MPU6050

The MPU6050 sensor module combines a three-axis gyroscope and accelerometer,
making it widely used for motion and inclination detection. In this study, the MPU6050
was mounted directly on the subsoiler to continuously capture angular displacement
during field operations (Figure 2).

The tilt angle of the shank was calculated using the atan2 function, which determines
the angle in radians between the positive x-axis and a point defined by the accelerometer
outputs in the y- and z-axes. This value was then multiplied by 180

π and converted to
degrees for practical interpretation. The computation is expressed as follows (Equation (2)):

θaccel = arctan
(
ay, az

)
× 180

π
(2)

where θ is the shank inclination angle (◦), ay is the acceleration along the y-axis, and az is
the acceleration along the z-axis. By integrating this angle with the known shank geometry,
the corrected working depth of the subsoiler can be accurately determined.
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Figure 1. Principle of depth estimation using ultrasonic and laser range sensors, corrected for shank
geometry and inclination. S = ultrasonic or laser range sensor; A = accelerometer (MPU6050) for
angular displacement measurement.

 
Figure 2. Location of the inclinometer on the subsoiler (outlined in red circle).

Noise Mitigation Using Kalman Filter

To reduce measurement noise in sensor readings, a Kalman filter was applied to the
raw data. The Kalman filter is a recursive algorithm that estimates unknown system states
from noisy measurements, making it particularly suitable for dynamic systems where the
state changes over time [21,22]. The filter operates in two main steps, namely prediction
and update, implemented as follows (Equations (3)–(10)):



IoT 2025, 6, 68 8 of 20

1. Prediction Step:

• State Prediction:

θ− = θ +
.
θgyro∆t (3)

where θ− is the predicted angle, θ is the current estimated angle,
.
θgyro is the gyroscope

reading corrected for bias, and ∆t is the sampling interval.

• Error Covariance Prediction:

P− = P +

(
Qangle 0

0 Qbias

)
∆t (4)

where P− is the predicted error covariance matrix, P is the current error covariance matrix,
Qangle is the process noise variance for the angle, and Qbias is the process noise variance
for the gyro bias. Qangle represents the uncertainty in the angle prediction due to the
gyroscope’s noise. It is tuned empirically to match the system’s characteristics. Qbias

represents the uncertainty in the gyro bias prediction. It is also tuned empirically.

2. Update Step:

• Innovation Calculation:

y = θaccel − θ− (5)

where y is the innovation, θaccel is the angle calculated from the accelerometer, and θ− is the
predicted angle.

• Kalman Gain Calculation:

S = P−
00 + Rmeasure (6)

K =
P
S

−
(7)

where S is the innovation covariance, P−
00 is the predicted error covariance for the angle, R

measure is the noise variance, and K is the Kalman gain.

• State Update:

θ = θ− − K0y (8)

b = b− + K1y (9)

where θ is the updated angle, b is the updated gyro bias, K0 and K1 are the Kalman gains
for the angle and bias, respectively.

• Error covariance update:

P = (1 − KH)P− (10)

where P is the error covariance matrix. This matrix represents the uncertainty in the state
estimates. It is updated in each iteration of the Kalman filter. I is the identity matrix, K is
the Kalman gain, and H is the measurement matrix.

After each iteration, the filtered shank angle is converted from radians to degrees and
subsequently transformed into subsoiling depth using a linear calibration based on shank
geometry and sensor mounting.
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2.5. Depth Measurement Using Linear Potentiometers

To achieve accurate subsoiling depth measurements, a comprehensive calibration
process was implemented to establish a precise relationship between the potentiometer’s
voltage output and the corresponding depth in centimeters. Initially, the linear poten-
tiometer was connected to a voltage source. Its resistance was incrementally adjusted, and
the corresponding voltage was measured using a high-precision voltmeter. These voltage
readings were recorded alongside known reference depths measured using a calibrated
ruler. After calibration, the potentiometer was integrated into the WireDepth system and
deployed under real field conditions (Figure 3). During operation, voltage readings were
continuously recorded, while actual shank depths at specific GPS locations were measured
using a high-precision reference device. To derive a robust and accurate depth measure-
ment model, the collected data was subjected to detailed statistical analysis. The voltage
readings (V) were plotted against the corresponding depths (d) in centimeters, and a linear
regression model was fitted to the data points to derive a regression equation.

 

Figure 3. Placement of linear potentiometers in the hydraulic cylinder, used to monitor shank
displacement and derive accurate subsoiling depth.

2.6. Smartphone Application and Webserver Development

To facilitate real-time monitoring of subsoiling operations, a smartphone application
was developed using the B4A (Basic4Android) software. Upon launching the application,
users are prompted to log in with a username and password (Figure 4a). After successful
authentication, the application provides two operational modes: (i) connecting directly
to the datalogger via Bluetooth or (ii) retrieving data from the web server (Figure 4b).
Once the communication mode is selected, users access the machine selection interface,
which is designed to manage and display information for the chosen equipment (Figure 4c).
Selecting the “Tillage” option, the application then presents the real-time subsoiling depth
measurements. To enhance usability, the application incorporates a color-coded feedback
system for quick assessment. Specifically, depths exceeding 70 cm are indicated in Green,
depths ranging between 50 cm and 70 cm are highlighted in Yellow, and depths below
50 cm are marked in Red (Figure 4d). These threshold values can be adjusted through
the web server or directly via the application interface. This visual representation allows
the operator to quickly verify whether the implement is operating within the desired
depth range.

In addition to the real-time monitoring capabilities of the smartphone application,
all data are also accessible via a web server, offering both current and historical records
for in-depth analysis. The web server interface allows users to track machine move-
ment and calculate the distance traveled across the field (Figure 5a), as well as visualize
subsoiling depth measurements spatially across different field zones (Figure 5b). These
comprehensive insights allow field managers to assess operational efficiency, identify areas
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requiring attention, and make informed decisions regarding soil preparation and overall
field management.

Figure 4. Screenshots of the smartphone application: (a) login page, (b) communication mode
selection (Bluetooth or web server), (c) machine selection interface, and (d) real-time subsoiling depth
display with color-coded feedback.

  
(a) (b) 

Figure 5. Web server interface displaying (a) machine distance traveled across the field, and (b) spatial
map of subsoiling depth measurements. Depths exceeding 70 cm are indicated in Green, depths
ranging between 50 cm and 70 cm are highlighted in Yellow, and depths below 50 cm are marked
in Red.

2.7. Evaluation Method

To rigorously assess the accuracy and reliability of each subsoiling depth measure-
ment method, a comprehensive evaluation protocol was established. A total of 300 depth
measurements were collected at predefined GPS coordinates, serving as reference values.
These reference measurements were obtained using a high-precision, calibrated depth
measurement device to ensure accuracy and consistency. Measurements from each instru-
ment under evaluation were then compared against these reference values. To quantify the
discrepancies between the instrument readings and the reference values, the Root Mean
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Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) were calculated for each
method. These metrics provide measures of the average magnitude of the error between the
predicted and observed values, with lower values indicating higher accuracy. In addition
to RMSE and MAPE, a Duncan’s Multiple Range Test (DMRT) was performed to determine
whether statistically significant differences existed between the reference depth values and
the measurements obtained from each instrument. This test is particularly effective for
comparing multiple group means and identifying homogeneous subsets. All statistical
analyses were conducted at a 5% significance level (α = 0.05) using SAS version 9.3 [23].

To further evaluate the influence of depth on sensor performance, the relation-
ship between subsoiling depth and measurement errors was analyzed. Both signed er-
rors (bias: sensor reading − reference depth) and absolute errors (precision: |sensor
reading − reference depth|) were computed. The correlation of these errors with depth
was tested using Pearson correlation for linear relationships and Spearman correlation
for monotonic trends (Table 1). This analysis identifies whether sensor accuracy sys-
tematically varies with operating depth, providing insights into sensor limitations and
field performance.

3. Results and Discussion
The data presented in Table 1 indicate that tillage depth significantly influences sensor

accuracy, although the magnitude and nature of this effect vary across sensor technologies
and error types. For the ultrasonic sensor, both systematic deviation and random variability
increase with depth: the signed error shows a moderate positive correlation (Pearson
r = 0.346, Spearman ρ = 0.338, p < 0.001), while the absolute error exhibits a smaller yet still
significant association (r = 0.210, ρ = 0.208, p = 0.001). The laser range finder is the most
sensitive to depth; its bias rises sharply with increasing depth (r = 0.457, ρ = 0.449, p < 0.001),
and its absolute error is also moderately correlated (r = 0.305, ρ = 0.302, p < 0.001), indicating
that deeper settings amplify both systematic offset and dispersion in laser measurements.

In comparison, the inclinometer displays a modest but significant depth-related bias
(r = 0.234, ρ = 0.228, p < 0.001) yet shows no convincing evidence that random error grows
with depth (r = 0.112, p = 0.072; ρ = 0.115, p = 0.064). Similarly, the potentiometer exhibits a
small systematic drift as depth increases (r = 0.189, ρ = 0.185, p < 0.01), but its absolute error
remains essentially independent of depth (r = 0.098, p = 0.112). Collectively, these findings
confirm that depth is a consistent determinant of systematic error across all sensors, while
its influence on measurement precision is notable only for ultrasonic and laser sensors
and negligible for the inclinometer and potentiometer. Therefore, to more precisely assess
the accuracy of each measurement method, the RMSE was calculated across three distinct
depth intervals: below 30 cm, below 60 cm, and below 90 cm (Table 2).

Table 2. Correlation of sensor error (signed bias and absolute error) with tillage depth for four sensing
technologies. Pearson and Spearman coefficients are reported, with significance levels indicated.

Sensor
Type Error Type Pearson’s r p-Value Spearman’s ρ p-Value

Ultrasonic
Signed 0.346 <0.001 0.338 <0.001
Absolute 0.210 0.001 0.208 0.001

Laser range Signed 0.457 <0.001 0.449 <0.001
Absolute 0.305 <0.001 0.302 <0.001

Inclinometer
Signed 0.234 <0.001 0.228 <0.001
Absolute 0.112 0.072 0.115 0.064

Potentiometer
Signed 0.189 0.003 0.185 0.004
Absolute 0.098 0.112 0.101 0.100
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As shown in Table 3, the RMSE values for both ultrasonic and laser range sensors were
higher in the depth range below 60 cm compared to those observed in the range 60–90 cm.
This discrepancy can be attributed to the operational conditions encountered at shallower
depths. Specifically, as the subsoiler operates at depths of 0–60 cm, it displaces soil, causing
rocks and debris to move upward. These displaced materials may obstruct or interfere with
the sensor’s line of sight or signal path, leading to inaccurate distance readings and increased
measurement errors. This observation is supported by the findings of [24], where distance-
based methods were reported to suffer from signal attenuation and physical obstruction in
fields with high stubble, rendering them ineffective. Consequently, this introduces a greater
measurement error, thereby increasing the RMSE in the shallower regions. This observation
highlights the influence of soil conditions and operational depth on the performance of non-
contact depth measurement sensors. Furthermore, after one to two hours of continuous
operation, both the ultrasonic and laser range sensors became increasingly obstructed by dust
accumulation on their surfaces. This issue was particularly pronounced in environments with
higher humidity levels, where moisture in the air combined with dust particles to form a more
persistent and obstructive layer on the sensor lenses (Figure 6). Under such conditions, the
performance degradation of the sensors became more severe, leading to a noticeable decline
in measurement accuracy and reliability.

Table 3. Root Mean Square Error (RMSE) of different sensors across three depth ranges, highlighting
variations in accuracy at shallow, intermediate, and deep tillage depths.

Depth Range (cm) RMSE of Different Measurement Methods

Ultrasonic Laser Range Inclinometer Potentiometer

0–29 8.9 9.1 3.6 1.1
30–59 7.6 8.3 2.9 0.8
60–90 4.3 6.6 2.4 0.9

  
(a) (b) 

Figure 6. Impact of field conditions on sensor performance: (a) ultrasonic and (b) laser range sensors
partially obstructed by dust and displaced soil particles.

The presence of dust and humidity not only reduces the signal strength and clarity but
also introduces noise and false reflections, which can significantly distort the sensor readings.
While the performance degradation of optical and acoustic sensors under these conditions is a
recognized challenge, several mitigation strategies could be explored in future work. These
may include the implementation of passive protective housings designed to deflect soil debris,
the integration of low-power automated cleaning mechanisms such as air blasts or wipers, or
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the optimization of sensor placement on the implement to minimize exposure to the direct
flow of displaced material. In agricultural settings, especially during tillage operations, the
generation of dust is inevitable due to soil disturbance. This environmental factor, combined
with variable humidity levels, creates challenging conditions for optical and acoustic sensors.
As a result, the performance of both ultrasonic and laser range sensors is highly dependent
on the ambient humidity and the amount of airborne dust produced during tillage. These
factors must be carefully considered when deploying such sensors in field applications, as
they directly impact the consistency and precision of depth measurements over time.

The comparative analysis reveals that sensor accuracy is fundamentally governed by
its underlying physical principle and its interaction with the dynamic soil environment. The
superior performance of the potentiometer and inclinometer can be attributed to their direct
mechanical linkage to the subsoiler shank. They measure depth indirectly via displacement
and angle, effectively decoupling their accuracy from surface conditions that plague non-
contact sensors. This mechanical coupling makes them inherently robust against the
environmental interferences of dust, debris, and humidity, which were significant factors
for the ultrasonic and laser sensors. In contrast, the higher errors observed in ultrasonic and
laser sensors are rooted in their time-of-flight principle. The ultrasonic sensor’s acoustic
waves and the laser’s optical signals can be prematurely reflected by soil clods, straw, and
dust clouds kicked up by the implement, leading to measured distances that are shorter
than the actual ground distance. This effect was particularly pronounced at shallow depths
(0–60 cm), where soil disturbance is most violent, as evidenced by the higher RMSE values
in this range (Table 3). Furthermore, as visually confirmed in Figure 6, the accumulation of
dust and moisture on sensor lenses creates a persistent source of error, attenuating signals
and reducing signal-to-noise ratio over extended operation.

In contrast to ultrasonic and laser ranging methodologies, inclinometric and potentio-
metric sensors exhibited a monotonic decrease in RMSE proportional to increasing tillage
depth. These systems maintained metrological high measurement fidelity irrespective of
environmental perturbations, demonstrating notable robustness against dust, soil debris,
and atmospheric particulate contamination during field operations.

Conventional depth measurement techniques, such as ultrasonic or optical time-of-flight
sensors, remain intrinsically susceptible to signal degradation caused by (i) crop residue
interference and (ii) implement-induced vibrations. In contrast, indirect depth estimation via
monitoring the angular displacement of three-point hitch kinematic components (e.g., lifting
arms, drawbars) or hydraulic cylinder positions, enabled by inclinometers or linear poten-
tiometers, effectively decouples measurement accuracy from surface residue and vibrational
noise. Despite these advantages, inclination-based methods require substantial computational
effort, including sophisticated kinematic transformations, to convert raw angular or positional
data into accurate depth measurements. Moreover, the underlying geometric transfer func-
tions necessitate full recalibration whenever the implement is replaced or modified, due to
changes in linkage parameters. Previous studies support these observations. For example,
ref. [25] mounted ultrasonic sensors on the underside of a vehicle frame and compared their
readings with manual depth measurements. They reported that ultrasonic sensors achieved
higher accuracy in soft sandy loam soils than in soils with cover crop residues, highlighting
the influence of surface conditions on non-contact sensing technologies.

The MAPE for 300 measurements across the four sensors was 3.78% for the ultrasonic
sensor, 2.95% for the laser range sensor, 0.92% for the inclinometer, and 0.84% for the linear
potentiometer. These results are consistent with and improve upon findings reported in
previous studies. For example, Ref. [26] reported coefficients of variation for tillage depth
of 2.51% and 3.10% using a fusion of infrared and ultrasonic data with Kalman-filtered
posture calculations. Ref. [11] developed a tilt-sensor-based device mounted on the linkage
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between the frame and gauge wheel, calculating tillage depth from angular measurements,
and achieved accuracy within 6%. Compared to these methods, the present study achieved
lower error rates, demonstrating superior accuracy in tillage depth estimation. Similarly,
Ref. [27] reported maximum relative errors of 7.40% and 8.53% under varying topographic
conditions using an adaptive swing-arm and encoder system. Reference [28] reported
an average error of 8.28% for an ultrasonic sensor-based tillage depth monitoring sys-
tem in straw-covered fields, highlighting the challenges of non-contact sensing in real
agricultural conditions.

A one-way Analysis of Variance (ANOVA) was conducted to determine if there were
statistically significant differences in the mean absolute error between the four sensor types.
The results indicated a highly significant effect of sensor type on measurement accuracy
(F(3, 1196) = 452.15, p < 0.001), confirming that the overall performance was not equivalent
across the different sensing technologies (Table 4).

Table 4. Analysis of Variance (ANOVA) for the effect of sensor type on absolute measurement error
(N = 300 per sensor, Total N = 1200).

Source of Variation df SS MS F-Value p-Value

Between Sensors 3 18,550.42 6183.47 452.15 Yes (p < 0.001)
Within Sensors (Error) 1196 16,345.18 13.6
Total 1199 34,895.60

To evaluate whether sensor measurements significantly differed from reference values,
a paired t-test was conducted at a significance level of 0.05 (Table 5). The analysis revealed
statistically significant differences for the ultrasonic and laser range sensors, indicating
that these technologies may be less suitable for depth measurement in soils with stony
or heterogeneous structures. The laser range sensor, in particular, was highly susceptible
to environmental conditions and dust accumulation. Furthermore, optical sensors are
inherently prone to zero drift, causing fluctuations in measurements, and require relatively
uniform field surfaces for reliable operation [29]. In the present study, the potentiometer
and inclinometer were identified as the most accurate sensors, demonstrating not only
lower errors but also no statistically significant differences from reference measurements.
These findings align with [30], who developed a real-time tillage depth monitoring system
integrating a linear potentiometer, an inclinometer, and an optical distance sensor. Their
results demonstrated that fusing a linear potentiometer with an inclinometer improved
measurement accuracy by 6.34–11.76% compared to combinations including optical sensors.
This consistency validates the robust performance and reliability of potentiometric and
inclinometric sensors for precise tillage depth monitoring under field conditions.

Table 5. Paired t-tests results comparing sensor measurements with reference depth values.

Sensor Mean Error t-Statistic p-Value Significant Difference

Ultrasonic 0.111 3.15 0.002 Yes (p < 0.05)
Laser range 0.051 1.99 0.047 Yes (p < 0.05)
Inclinometer −0.001 −0.014 0.989 No (p > 0.05)
Potentiometer −0.002 −0.050 0.960 No (p > 0.05)

Note: Tests conducted on N = 300 paired observations. Error defined as (Sensor—Real). Normality confirmed via
Shapiro–Wilk tests (α = 0.05).

The comparative analysis of individual sensor performance directly informed the
operational logic of the WireDepth system. Given its demonstrated highest accuracy
(MAPE = 0.84%) and no statistically significant deviation from reference measurements
(p > 0.05), the depth value from the linear potentiometer was selected as the definitive
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output for real-time display on the user interface and for generating the cloud-based
analytics and 3D depth maps. This design choice ensured maximum reliability for the
end-user during subsoiling operations. The integration of multiple sensors, while not
fused into a single value in the current implementation, provides critical redundancy and a
diagnostic capability to monitor sensor health. Furthermore, this multi-sensor framework
establishes a foundation for future work, where adaptive fusion algorithms, such as a
Kalman filter or a weighted average based on real-time confidence metrics for each sensor,
could be deployed to further enhance robustness across all field conditions.

Figure 7 presents depth measurements acquired via the potentiometer sensor, which
exhibited superior accuracy relative to alternative sensor modalities. In Figure 7a, users can
select a specific date and time, prompting the display of the corresponding original depth
map for the selected machinery. By scrolling or zooming into the map, individual points can
be examined, and selecting any location annotates the precise depth value directly on the
visualization (Figure 7b). This interactive functionality enhances spatial analysis, enabling
more precise assessment of subsoiling depth for targeted field management and operational
decision-making. The choice of sensor dictates the computational load at the edge. While
the potentiometer and inclinometer provide relatively stable signals, the raw data from the
inertial measurement unit (MPU6050) required filtering to be usable. The implementation of a
Kalman filter was crucial to mitigate noise induced by high-frequency vibrations from the
tractor and subsoiler, fusing the noisy but fast-updating gyroscope data with the stable but
slow-responding accelerometer data to produce a reliable tilt angle. This highlights a trade-off:
contact sensors often provide a more stable signal with less required processing, whereas
maximizing the accuracy of more vulnerable sensors (like the IMU) or interpreting noisy
signals (from ultrasonics/lasers) demands more sophisticated edge-computing algorithms.

 
(a) 

Figure 7. Cont.
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(b) 

Figure 7. Potentiometric-based depth sensing and interactive visualization: (a) original full-size
depth map, and (b) magnified depth map with overlaid depth values. Depths exceeding 70 cm are
indicated in Green, depths ranging between 50 cm and 70 cm are highlighted in Yellow, and depths
below 50 cm are marked in Red.

4. Conclusions
This study demonstrates the novel integration of IoT, edge computing, and multi-

sensor fusion for real-time subsoiling monitoring in sugarcane cultivation. The proposed
WireDepth system, incorporating ultrasonic, laser, inclinometer, and potentiometer sensors,
enables precise, spatially resolved depth measurements that are critical for optimizing
subsoiling operations. Statistical analyses (RMSE, MAPE, and paired t-tests) identified
the inclinometer and potentiometer as the most accurate sensors, with MAPE values of
0.92% and 0.84%, respectively, and no significant differences from reference measurements
(p > 0.05). In contrast, ultrasonic and laser sensors displayed were more prone to errors,
particularly at shallower depths, due to soil debris and dust accumulation, with the laser
sensor showing the strongest depth-dependent bias (Pearson r = 0.457, p < 0.001). The
system’s real-time 3D depth mapping, operational analytics, and dual-accessibility via
cloud-connected web and mobile platforms provide actionable insights for precision man-
agement, enhancing efficiency, minimizing energy waste, and supporting data-driven
decisions in the field. By offering continuous, accurate feedback on subsoiling depth and
quality, this approach empowers farmers to optimize soil structure, improve root devel-
opment, and increase crop yield while reducing environmental impact. The novelty of
this work lies in its combination of edge-computed multi-sensor fusion, dual wireless con-
nectivity, and cloud-based analytics, delivering a scalable, reliable, and real-time solution
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for subsoil compaction management, representing a significant advancement in precision
agriculture for compaction-affected regions.
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Appendix A. System Architecture, Workflow, and Data Structures

 

Figure A1. WireDepth system architecture for IoT-enabled subsoiler depth monitoring.
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Figure A2. Sequence diagram of dual-phase data transmission workflow with automatic failover
mechanism.

Appendix B. Implementation Details: Data Formats and Parsing
Appendix B.1. JSON Data Structure for HTTP Transmission

{
“timestamp”: “2023-10-15T08:23:17Z”,
“coordinates”: [32.123456, 48.654321],
“ultrasonic_depth_cm”: 56.1,
“tof_depth_cm”: 73.8,
“imu_depth_cm”: 82.7,
“potentiometer_depth_cm”: 82.3,
“sensor_health”: [1, 1, 1, 1, 1] // ultrasonic, TOF, IMU, potentiometer, GPS
}
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Appendix B.2. On-Device Parser for LoRaWAN CSV Strings

// Example: Cloud-side parsing of LORaWAN CSV payloads
function parseLoraPayload(csv) {

// Split incoming CSV string into individual fields
const [
ts, // Timestamp (YYYWDDHHWWSS)
lat, lon, // Latitude & Longitude
depth1, // Ultrasonic sensor depth (cm)
depth2, // TOF sensor depth (cm)
depth3, // IMU-derived depth (cm)
depth4, // Linear potentiometer depth (cm)
status1, status2, status3, status4, status5 // Sensor health flags

] = csv.split(’,’);

// Return structured JSON object
return {
timestamp: convertTimestamp(ts),
coordinates: [parseFloat(lat), parseFloat(lon)],
depths_cm: {
ultrasonic: parseFloat(depth1),
tof: parseFloat(depth2),
imu: parseFloat(depth3),
potentiometer: parseFloat(depth4)
},
sensor_health: [
parseInt(status1), parseInt(status2),
parseInt(status3), parseInt(status4),
parseInt(status5)
]

}
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