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This paper presents the development and experimental validation of a
prototype-scale autonomous underwater vehicle (AUV) depth control system
using a proportional-integral-derivative (PID) controller with depth feedback
from a SEN0257 water-pressure sensor. Raw sensor readings are filtered and
calibrated using linear regression, reducing the depth estimation error, as
indicated by a decrease in RMSE from 1.88 cm to 0.63 cm. The calibrated
depth signal is implemented in real time as the feedback source for closed-
loop control on the testbed. Controller performance is evaluated by comparing
two tuning strategies: Ziegler—Nichols (ZN) closed-loop tuning and manual
fine-tuning. Experiments were conducted at depth setpoints of 70 cm and 100
cm under consistent pool conditions, and additional trials were performed
while the AUV executes forward motion to assess robustness under dynamic
disturbances. System responses are quantified using rise time, overshoot,
settling time, and steady-state error. Results show that calibration significantly
improves sensor suitability for feedback, while the fine-tuned PID controller

produces a more stable depth response with lower overshoot, smaller steady-
state error, and shorter settling time than the ZN controller, despite the faster
initial rise achieved by ZN tuning. Overall, combining calibrated pressure-
based depth estimation with fine-tuned PID gains enables stable and accurate
depth regulation for prototype AUV operation.

This is an open access article under the CC BY-SA license.

Corresponding Author:

[@Xolel
Senanjung Prayoga

Department of Robotics Engineering, Major of Electrical Engineering, Politeknik Negeri Batam, Batam
Indonesia
Email: senanjung@polibatam.ac.id

1. INTRODUCTION

Autonomous Underwater Vehicles (AUVs) have become crucial assets for tasks such as ocean
exploration, subsea infrastructure inspection, and environmental monitoring [1]. In many of these missions,
the vehicle must operate at a well-defined depth, making depth regulation a fundamental requirement [2]. In
practical implementation, depth is commonly estimated based on hydrostatic pressure using a pressure sensor,
which converts the surrounding water pressure into an equivalent depth measurement and provides a
straightforward feedback signal for the controller [3]. Nevertheless, maintaining a stable depth under real
operating conditions remains challenging, as the vehicle is continuously exposed to disturbances such as waves
and currents, as well as strong nonlinear hydrodynamic effects [4].

Despite the wide range of advanced control strategies proposed in the literature, the Proportional-
Integral-Derivative (PID) controller remains one of the most widely used solutions for AUV depth regulation
due to its conceptual simplicity, modest computational cost, and generally robust performance across operating
regimes [5]. Experimental studies indicate that when the gains are carefully tuned, a PID controller can stabilize
the vertical motion of an AUV and maintain a desired depth setpoint with small steady-state error, provided
that the tuning accounts for the vehicle dynamics and actuator limitations [6][7].
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However, in most practical AUV deployments, the performance of the depth control loop still depends
heavily on the reliability and accuracy of the pressure sensor, particularly in missions that require precise
hovering or steady vertical positioning. Several studies have assessed the accuracy of pressure-based depth
measurements against physical reference values; for instance, Duraibabu et al. reported sub-centimeter
resolution using a fiber-optic pressure sensor under controlled experimental conditions [8]. Although such
results demonstrate high sensor accuracy, fewer studies have experimentally validated pressure-to-depth
estimation on an AUV prototype and examined its direct impact on closed-loop depth control performance.

To regulate vertical motion based on pressure-derived depth measurements, the PID controller
remains an attractive candidate due to its computational simplicity and widespread deployment. Among various
PID tuning strategies, the Ziegler—Nichols (ZN) method is commonly used for rapid, model-free initialization.
However, its aggressive gain selection often induces excessive overshoot and oscillatory responses.
Consequently, empirical or manual fine-tuning is frequently applied to improve performance under real
operating conditions. Kuo et al. employed ZN tuning to obtain initial gains and subsequently performed manual
adjustments to reduce overshoot and steady-state error during operation [9]. Nonetheless, a systematic
experimental comparison between ZN-tuned and manually fine-tuned PID controllers, evaluated using
standard performance metrics on an AUV platform, remains limited in the existing literature.

This study proposes an integrated approach combining sensor calibration and closed-loop PID control
to improve both measurement accuracy and depth stability. An experimental AUV testbed is used to validate
a hydrostatic pressure-to-depth estimator by comparing sensor-derived depth measurements against ground-
truth reference values, thereby demonstrating the effectiveness of pressure sensor calibration in improving
depth estimation accuracy. Furthermore, the depth control performance of Ziegler—Nichols tuned and manually
fine-tuned PID controllers is rigorously compared using standard time-domain metrics, including rise time,
overshoot, settling time, and steady-state error. The robustness of the proposed control approach is also
evaluated under realistic operating conditions, including forward motion, to assess its ability to maintain stable
depth beyond idealized scenarios. In this context, the study highlights the practical contribution of combining
calibrated pressure-based depth estimation with appropriate PID tuning to improve depth stability and control
accuracy in prototype AUV applications.

2. METHOD

This section describes the research steps needed to achieve the objectives of the AUV depth control
system. The process begins with the design of the prototype mechanical structure, the water pressure data
acquisition system, and the application of PID control algorithms to maintain depth stability during testing in
an aquatic environment.

2.1 Mechanical Configuration
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Figure 1. Prototype design of the AUV

Figure 1 shows the mechanical design of the developed AUV prototype. The main structure of the
AUV is constructed from a 3 mm thick aluminum plate frame, which is precisely fabricated using laser cutting
technology according to the design specifications. The prototype has dimensions of 691 mm in length, 415 mm
in width, and 365 mm in height, with an approximate weight of 23 kg. The propulsion system consists of eight
thrusters, comprising four horizontal thrusters mounted at a 45° angle to generate forward motion and lateral
maneuvering and four vertical thrusters used to regulate depth and directional stability of the AUV. The
propulsion units are Blue Robotics T200 thrusters, selected for their high efficiency, strong thrust capability,
and reliability in underwater environments [10].

In addition, the AUV prototype is equipped with a ballast system to regulate buoyancy, allowing the
vehicle to float and maintain stable positioning in water. The ballast is constructed from a PVC pipe with a
diameter of 89 mm and a length of 37 cm, forming a cylindrical structure that provides stable buoyancy during
underwater operation [11].
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Figure 2. Placement of the SEN0257 pressure sensor

The water pressure sensor is installed at the bottom center of the AUV frame, as shown in Figure 2.
This position was chosen because it is at the vehicle’s vertical balance point, allowing the sensor to detect water
pressure directly when the bottom of the AUV begins to touch the water surface [12]. This central placement
ensures more accurate and stable measurement results, unaffected by waves or currents around the body. In
addition, this position also maintains the hydrodynamic symmetry of the AUV and helps the control system
obtain more responsive and consistent depth data during testing.

2.2 AUV Pressure Sensor System

The dataset used in this study is obtained from real measurements of a water pressure sensor installed
on the AUV prototype. The pressure data are acquired directly from the SEN0257 water pressure sensor, which
measures hydrostatic pressure and provides Analog output proportional to the surrounding water depth. The
sensor output is sampled using the Analog-to-Digital Converter (ADC) of the STM32F103C8T6
microcontroller during experimental tests conducted under both static conditions and forward-motion operation
of the AUV. The collected pressure data are used as the primary input for depth estimation and feedback control
in the PID-based depth control system.
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Figure 3. Block diagram of the water pressure signal processing system for the AUV

Figure 3 illustrates the block diagram of the water pressure reading system used to estimate the depth
of the AUV. Data from the pressure sensor are processed sequentially, starting from raw signal readings to
producing the final depth value used as the main input to the depth control system (PID).

In the initial stage, the system acquires Analog-to-Digital Converter (ADC) output from the pressure
sensor. Since the raw ADC signal is affected by noise originating from the sensor and the aquatic environment,
a two-stage filtering approach is applied to improve signal stability. In the first stage, a Kalman filter is
employed to recursively estimate the true ADC value by combining the current measurement with the previous
state estimate while accounting for estimation uncertainty. The filtering process involves the calculation of the
Kalman gain, followed by updating the state estimate and the error covariance, as defined in Equation (1).

K, = N (1)

Qk_,t+R
X = Xpo1 + K (Zy — Xp—1)
Qx = (1 - Kk)Qk—l

In Equation (1), Z, denotes the ADC measurement at time step k, X, is the Kalman filtered ADC
estimate, Q, is the estimation error covariance, and R = 30.0 is the measurement noise variance representing
sensor uncertainty. The process noise is set to Q = 0.01, with initial conditions X, = 0 and Q, = 1.0, used as
the starting point for the first iteration of the Kalman filter, where X, provides the initial estimate of the ADC
value and Q, represents the initial uncertainty of this estimate. These values were chosen to balance filter
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responsiveness and noise suppression [13]. After Kalman filtering, an additional smoothing stage is applied
using a moving average filter to further reduce residual signal fluctuations [14]. The smoothing process is
defined in Equation (2).

Xn} =+ ZHG X )

This filter calculates the average of the last M samples, where M = 23 is used in this study. This
process produces a smoother and more stable signal that is less sensitive to small variations in the aquatic
environment [15]. After the filtering process is completed, the stabilized ADC value is converted into a voltage
using the ADC conversion relationship expressed in (3), where N, . is the measured ADC valug, Ny, is the
maximum ADC resolution, and is the reference voltage.

Nﬂ. C
Vneas = N e % Viet 3)

max

Where N, is the measured ADC value, NmlX is the maximum ADC resolution, and V.., is the ADC

reference voltage. The measured voltage is then corrected to eliminate the water surface offset in order to obtain
the corrected voltage in Equation (4).

Veorr = Vineas — Voffset (4)

The voltage V,¢s.. represents the baseline voltage measured when the sensor is located at the water
surface. Based on the corrected voltage, the water pressure is calculated in bar units using the sensor sensitivity,
as expressed in (5). The parameter V., pq, indicates the voltage change corresponding to one bar of pressure.
The resulting pressure value is then converted into Pascal units using Equation (6).

Pbar — VVcorr (5)
per_bar
Py = Ppar x 100000 (6)

Subsequently, the hydrostatic pressure is converted into depth using the hydrostatic relationship
Equation (7). Where p denotes the water density and g represents the gravitational acceleration. The resulting
depth in meters is then converted into centimeters using Equation (8).

— Ppa
= )
hem = 100 x H,, (8)

The value of h.,, represents the ideal depth obtained from the physical pressure-to-depth conversion.
To compensate for systematic errors introduced by the pressure sensor and signal conditioning circuitry, a
signal-variable linear regression calibration model is applied, as expressed in (9).

y=mx+c 9)

In this study, h,, is defined as the raw depth obtained from the physical pressure-to-depth conversion,
while h.,, 4 represents the calibrated depth produced by applying the linear regression model. The calibration
relationship is expressed in Equation (10), where m and c represent the slope and intercept of the calibration
curve, respectively, and are determined experimentally during the calibration process. The slope represents
sensor sensitivity, while the intercept reflects the baseline offset, enabling compensation of systematic errors
and improved depth estimation accuracy.

hcm,cal =m hgy+c (10)
The value h.,, .4 is the calibrated depth in centimeters used as an estimate of the final depth of the

AUV in the water. The result of this calculation then becomes an important input for the AUV depth PID
control system to ensure that the AUV can maintain the depth according to the specified setpoint.
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2.3 Depth Measurements Method Scheme of an AUV Using a Pressure Sensor
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Figure 4. lllustrations of pressure data collection for AUV depth estimation

Figure 4 shows the test configuration and workflow of the water pressure reading system for
estimating the depth of the AUV. In this test, the AUV was placed in a test pool at several target depths. A
measuring ruler is attached to the robot body with the bottom of the ruler parallel to the bottom of the AUV
frame body. This configuration enables direct measurement of the actual depth using a reference scale. The
pressure sensor reads the hydrostatic pressure according to the depth, and then the data is processed by a
microcontroller and sent to a laptop via Serial-USB to be displayed as the estimated depth. The estimated depth
value is compared with the actual depth to calculate the error and assess repeatability. Furthermore, the
measurement data is used to form a calibration model through linear regression using equation (9), so that the
estimated depth can be corrected and its accuracy re-evaluated. This linear regression-based calibration
approach, supported by a data filtering process, is commonly applied in pressure sensor-based AUV depth
systems to improve the quality and stability of estimated data [16][17].

2.4 PID Control System AUV

This subsection describes the depth control system implemented on the AUV. First a block diagram
of the overall system is presented, followed by the PID-based depth control structure, and finally the gain
tuning procedure using the Ziegler-Nichols method and manual fine-tuning [18].
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Figure 5. Block diagram system AUV

Figure 5 shows a block diagram of the system used in this study. The system consists of three main
components, namely the SEN0257 water pressure sensor, which is used to measure hydrostatic pressure around
the AUV, and a magnetic read switch that functions as a control switch. The read switch is used to activate the
control mode.

The STM32F103C8T6 microcontroller acts as the data processing center by reading signals from
pressure sensors. Based on the depth data, the microcontroller implements a PID-based depth control algorithm
to generate the appropriate control signals [19].

Control signals from the microcontroller are sent to the electronic speed controller (ESC), which then
regulates the speed of four vertical thrusters as actuators on the Z-axis and four horizontal thrusters to move
forward. Coordination between the ESC and these thrusters allows the AUV to generate downward thrust and
move forward in a controlled manner, enabling the vehicle to maintain or reach the desired depth and maneuver
forward in a stable and precise manner.

Paper’s should be the fewest possible that accurately describe ... (First Author)



ISSN: 2088-8708

Setpoint Depth

4’1@7 »l
-

PID

~» STM3IZF103CBTE

— - ~—{ Thruster T200

Movement Depth

AKTUATOR

1 CONTROLLER

SEND25T
Water-Pressure Sensor

FEEDBACK

Figure 6. Block diagram control AUV

Figure 6 shows a block diagram of the depth control system used in the AUV prototype. The input
signal is the depth setpoint reference. When the AUV has not yet reached that depth, an error difference arises
between the reference value and the achieved depth. This error value is then processed by the PID controller
to produce a control signal that regulates the thruster so that the AUV can approach and maintain the setpoint
depth [20][21]. The measured depth value is sent back as a feedback signal to the summing block so that the
closed control loop can work continuously.

In practical implementation, the PID controller output is applied to the AUV thrusters via the
electronic speed controller (ESC). To avoid actuator saturation, the control signal is limited to a pulse-width
modulation (PWM) range of -200 to 300, which represents the minimum and maximum allowable commands
for the vertical thrusters. When the control signal reaches these limits, further increases in control effort no
longer affect the actuator response.

To prevent integral windup under saturation conditions, an anti-windup mechanism based on integral
clamping is implemented. The integral term accumulation is suspended whenever the control output reaches
the predefined PWM bounds, preventing excessive integral growth when the AUV has not yet reached the
depth setpoint. This method reduces overshoot, improves stability near the setpoint, and enhances the
robustness of the depth control system during large depth errors and transient conditions.

2.5 PID tuning using Ziegler-Nichols

Proportional Integral Derivative (PID) controllers are used to regulate system response based on the
difference between the setpoint value and the system output. The PID controller consists of three main
components, namely Proportional (P), Integral (1), and derivative (D), which function to accelerate system
response, reduce steady-state error, and improve response stability [22][23].

PID parameter tuning is performed using the Ziegler-Nichols closed-loop method to obtain the initial
controller parameters. The tuning process begins by deactivating the integral and derivative actions, by settling
K; =0and K; = 0, so that the system is only controlled by the proportional action (K),) and then gradually
increased until the system response shows continuous oscillation with a relatively constant amplitude. This
condition indicates that the system is at the boundary between stability and instability. The K,, value in this
condition is defined as the ultimate gain (K,,). The oscillation period K,, = K,, is measured as the ultimate period
(B,). This is the time difference between two consecutive oscillation peaks. The K,, and B, values are used as
the basis for calculating the initial control parameters based on the Ziegler-Nichols rule [24].

Table 1. Ziegler-Nichols formula in gain form

Controller K, K; K,
P 0.5K, 0 0
PI 0.45K,, 1.2K, 0
A
PID 0.6K,, 2K, K,P,
P, 8

Table 1 shows the Ziegler-Nichols closed-loop tuning rules used to determine the initial controller
gains based on the measured ultimate gain (K,) and ultimate period (P,). The P controller applies only

proportional action with K, = 0.5K,,, while K; and K, are set to zero. The Pl controller sets K,, = 0.45K,, and

1.2

% 1o reduce steady-state error. The PID controller computes the initial

introduces integral action using K; = >
u

gain as K,, = 0.6K,, K; = zpﬁ ,and K; = % to provide a faster and more stable response as a starting point
u

before fine tuning.
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2.6 PID Fine Tuning Using Manual Trial and Error

The PID fine-tuning method with a manual trial-and-error approach is performed directly on the
system without requiring a mathematical model of the plant. Tuning is performed by gradually changing the
PID parameter values, then assessing the system response through response graphs, such as rise time,
overshoot, settling time, and steady-state error [25][26].

Table 2. Determination of fine tuning parameters

Parameter Rise time Overshoot Settling time Steady state error
K, Down Go Up Minor Down
Changes
K; Down Go Up Go Up Removed
K,y Minor Down Down Minor
Change Changes

As shown in Table 2, increasing K,, generally reduces rise time and steady-state error, but tends to
increase overshoot, while its effect on settling time is relatively small. Increasing K; can reduce or eliminate
steady-state error and can shorten rise time however, it typically increases overshoot and lengthens settling
time if set too high. Conversely, increasing K, primarily increases damping by reducing overshoot and
settling time, with only minor changes to rise time and steady-state error. Therefore, during fine-tuning, K,, is
adjust to speed up the response, K; is carefully increased to eliminate steady-state error, and Kj; is set to
suppress oscillations and improve stability around the setpoint.

3. RESULTS AND DISCUSSION
3.1. Optimized Sensor Water-Pressure

This test was conducted to evaluate the accuracy of the water pressure sensor-based depth
measurement system used in the AUV. The pressure signal is read by a microcontroller, then converted into a
depth estimate and sent to a computer to be displayed on the monitor interface.

In this static test, the system was tested at five reference depths, namely 20, 40, 60, 80, and 100 cm.
At each depth, four measurements were taken to evaluate the repeatability of the sensor readings and identify
measurement biases in the operating range. The actual depth was measured using a ruler made from a 120 cm
long PVC pipe marked with distances using a tape measure so that it could function as a reference measuring
tool. The actual depth values were then compared with the depth values displayed on the monitor as the output

(a) Depth prediction on the monitor (b) Actual depth measurements

Figure 7. Comparison between the depth predicted by the water pressure sensor system (a) and the
actual depth measured manually (b).

Figure 7 presents a comparison between the predicted and actual depth values. Figure 7(a) shows the
depth values predicted by the system and displayed on the monitor laptop, while Figure 7(b) shows the actual
depth measured using a ruler. The values displayed on the monitor represent the results of water pressure signal
processing by the microcontroller, whereas the actual depth is used as a reference to evaluate the accuracy of
the measurement system.

Table 3. Pressure sensor data before regression

Depth Actual Test 1 Test 2 Test 3 Test 4 Mean Raw Error
(cm) Reading (cm) (cm)

20 22 21 21 20 21.00 1.00

40 43 42 43 43 42.75 2.75

60 60 61 61 62 61.00 1.00

80 81 81 80 81 80.75 0.75

100 103 103 104 101 102.75 2.75
RMSE 1.88

Paper’s should be the fewest possible that accurately describe ... (First Author)



8 a ISSN: 2088-8708

Table 3 shows the water pressure sensor data before linear regression was performed at five reference
depths. At each depth, four measurements were taken, and then the average sensor reading, mean raw reading,
and the error value in centimeters were calculated. In the error column (cm), the error is defined as the absolute
value of the difference between the average depth of the sensor reading and the actual depth at each test point.
Table 3 shows that at all test points, the mean raw reading value was always slightly greater than the actual
depth, so the sensor tended to overestimate the depth, especially at 40 cm and 100 cm with errors of 2.75 cm,
respectively. Overall, the root mean square error RMSE value for the data before regression is 1.88 cm, which
indicates that the raw pressure sensor data is not accurate enough to be used directly as depth feedback. The
RMSE value is calculated using Equation (11).

RMSE = \/% Y e? (11)

Where ei represents the difference between the average depth reading from the sensor and the actual
depth at test point i, and n is the number of depth points tested (in this study, n = 5). During the optimization
stage, the relationship between the pressure sensor output and the actual depth was modeled using linear
regression. In this modeling, the pressure sensor reading x, which was still in the form of raw depth (un-
calibrated and still containing offset), was treated as an independent variable, while the actual depth y was used
as a reference value. The calibration relationship between the two is expressed in the equation (12).

yz=mx+c (12)

Where xi is the pressure sensor reading (cm) at the i-th sample, yi is the actual depth (cm) at the i-th
sample, and yz is the calibrated depth (cm). The linear regression parameters, namely the slope m and intercept
¢, are obtained using the least squares method. Specifically, the slope m is computed using Equation (13),
while the intercept c is calculated using Equations (14).

_ X Gy = (B %) (B, v) (13)

n X, x%— (. x)

— Z?=1J/i_m Z?:lxi (14)

n

c

Based on all calibration data consisting of n = 20 samples (5 depth with 4 repetitions), calculations
using equations (13) and (14) produced a slope value m of 0.991 and a constant ¢ of -1.095. Thus, the water
pressure sensor calibration model used in this study is stated as follows:

y; = 0.991, — 1.095 (15)

Based on Equation (15), x represents the raw sensor reading prior to calibration (in centimeters), while
v, denotes the calibrated depth value expressed in centimeters. This calibration equation is applied to correct
systematic measurement errors and improve the accuracy of depth estimation obtained from the sensor.

Regression Linear

1004 * Measurement Data
Regression Line

80 4

60 1

Actual Depth cm (y)

40 4

20 4

20 40 60 80 100
Measured Depth cm (x)

Figure 8. Optimization chart linear regression
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Figure 8 shows the distribution of measurements data from the linear regression line obtained. In this
graph, the x-axis represents the pressure sensor readings, while the y-axis represents the actual depth. The
measurements points appear to coincide with the regression line, indicating that the linear model provides an
excellent approximation of the calibration data.

Table 4. Pressure sensor data after regression

Depth Actual ~ Optimized Water Error
(cm) pressure

20 20 0

40 40 0

60 59 1

80 79 1

100 100 0
RMSE 0.63

Table 4 shows the performance of the pressure sensor after calibration using linear. The Optimized
Water-Pressure value is the depth of calibration and actual depth. The maximum error is only about 1 cm at
depth 60 cm and 80 cm, while at depths of 20 cm, 40 cm, and 100 cm, the error is zero. Overall, the RMSE
value decreased to 0.63 cm, indicating that the calibration results significantly improved the accuracy of
depth measurements compared to the conditions before regression.

3.2. Comparison of Fine Tuning PID Control and Ziegler-Nichols at a Setpoint of 70 cm

This experiment aims to compare the performance of two sets of PID parameters at a depth setpoint
of 70 cm, namely the manually fine-tuned PID parameters and the PID parameters obtained using the Ziegler—
Nichols method. All experiments were conducted under identical test pool conditions using a water pressure
sensor as depth feedback, ensuring a consistent and fair performance comparison between the two control
strategies. The Ziegler-Nichols parameters are determined through closed-loop testing by disabling integral
and derivative action (K; = 0, K; = 0), then gradually increasing K,, until the system exhibits continuous
oscillation with a relatively constant amplitude. In the test, stable oscillations were obtained at K,, = 4.2667 so
K, = 4.2667 was set.

The B, value is obtained from the time difference between two consecutive oscillations peaks (peak-
to -peak) when K, = K,,. Based on the oscillation graph, B, = 11.24 is obtained. These K,, and P, values are
used to calculate the initial PID parameters based on the Ziegler-Nichols rule. Subsequently, the PID
parameters were further refined through manual fine-tuning. This process involved adjusting the controller
gains based on the observed system response in order to reduce oscillations and minimize steady-state error
around the 70 cm depth setpoint. The PID parameters obtained from both methods are summarized in Table 5
and Table 6.

Table 5. Ziegler-Nichols method parameters

Parameter Value
K, 2.560
K; 0.455
Ky 3.596

Table 5 presents the PID parameters determined using the Ziegler-Nichols tuning method. The
proportional gain K, = 2.560 provides a fast initial response to depth errors. The integral gain K; = 0.455 is
relatively low, while the derivative gain K; = 3.596 is considerably high. This configuration reflects the
aggressive nature of the Ziegler-Nichols method, which is designed to achieve rapid system response but may
result in larger oscillations around the setpoint.

Table 6. Fine-Tuning method parameters

Parameter Value
K, 2.560
K; 0.635
K, 0.052

Table 6 shows the PID parameters obtained through manual fine-tuning based on the initial Ziegler-
Nichols parameters. The proportional gain K,, was maintained to preserve response speed, while the integral
gain K; was increased to 0.635 to further reduce steady-state error. The derivative gain K,; was significantly
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reduced to 0.052, indicating that derivative action is primarily used to smooth the system response and suppress
minor oscillations. Overall, this tuning configuration prioritizes stability and accuracy of depth control around
the desired setpoint.

Depth Compare Fine-Tuning vs Ziegler-Nichols (setpoint 70 cm)

Depth cm (y)

Time s (x)

Figure 9. Graph 70 cm depth response fine tuning vs Ziegler-Nichols

Figure 9 shows that the fine-tuned PI1D controller produces a relatively slower but stable response. At
a setpoint of 70 cm, a rise time of approximately 6.2 s and a settling time of approximately 15.35 s are obtained.
Overshoot and steady-state error calculations are performed using Equations (16) and (17) as follows:

Max Response—Setpoint
Overshoot =

x 100% (16)

Setpoint

Setpoint—Steady State
Error ss = L 24 x 100% a7

Setpoint

In Equation (16), the maximum response (Max Response) refers to the peak output value after the
setpoint is applied, while in Equation (17), the steady-state (Steady State) represents the output value when the
system reaches equilibrium. Based on the 70 cm setpoint test data, the PID fine-tuning method produced a rise
time of 6.2 s, a settling time of 15.35 s, a maximum response of 70.77 cm, and a steady-state value of 69.77
cm. Referring to Equations (16) and (17), the overshoot and steady-state error were 0.33% and 1.1%,
respectively. For the Ziegler—Nichols PID method, the system produced a rise time of 5 s, a settling time of
20.1 s, a maximum response of 80 cm, and a steady-state value of 68.5 cm. Based on Equations (16) and (17),
the overshoot and steady-state error were 14.29% and 2.14%, respectively.

These results indicate that the fine-tuning method provides a more stable and accurate response around
the 70 cm setpoint, as it results in a shorter settling time and lower overshoot and steady-state error compared
to the Ziegler-Nichols method.

Depth Forward Compare Fine-Tuning vs Ziegler-Nichols (setpoint 70 cm)

Depth cm (y)

Time s (x)

Figure 10. Graph 70 cm depth response fine tuning vs Ziegler-Nichols depth forward

Figure 10 shows the depth response of the AUV during forward motion for two sets of PID fine-
tuning parameters and the Ziegler—Nichols method. The Ziegler—Nichols controller provides a faster initial
response but is more aggressive, resulting in greater overshoot. Based on the test results, the maximum
response reached 77.7 cm, the steady-state value was 68.3 cm, the rise time was 4.2 s, and the settling time
was 21.8 s. Referring to Equations (16) and (17), the overshoot and steady-state error were 11% and 2.4%,
respectively. These values indicate that the Ziegler—Nichols controller provides a fast initial response but
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produces higher overshoot and a larger steady-state error, resulting in poorer depth stability around the 70 cm
setpoint during forward motion.

The fine-tuned PID controller exhibits smoother response characteristics. At a setpoint of 70 cm, a
rise time of 5.2 s and a settling time of 19.6 s were obtained. Based on the test data, the maximum response
reached 71.5 cm and the steady-state value was 69.2 cm. Referring to Equations (16) and (17), the overshoot
and steady-state error were 2.14% and 1.1%, respectively. These results indicate that the fine-tuning method
produces lower overshoot and smaller steady-state error compared to the Ziegler—Nichols method, thereby
improving depth stability during forward motion.

3.3. Results of the AUV Prototype Depth Control Test at a Setpoint of 100 cm

The next test was conducted by setting the AUV prototype to reach a depth of 100 cm using a PID
controller that had been adjusted according to the control parameters listed in Table 6. At the beginning of
the test, the AUV was at a depth of approximately 32 cm, and then it moved downward following the
setpoint command until it reached a depth of 100 cm. The condition of the AUV prototype at a depth of 100
cm is shown in Figure 11, illustrating that the vehicle successfully reaches and maintains the desired depth.

Figure 11. AUV position at a depth of 100 cm

The depth response of the AUV toward the 100 cm setpoint using the fine-tuned PID controller is
shown in Figure 12, which illustrates the dynamic behavior of the system during the depth control process.

Depth Data AUV (setpoint 100 cm)

Rise time = 4.30 s H Overshoot
Settling time = 11.60 s '
Overshoot = 2.0 % g v S,
100 T Steady state ~ 100.36 cm g
7 i
90
> ™ Settling time
£
v
< 7
o
g Rige time
60
50
40 Depth (Fine Tuning)
-= Setpoint 100 cm
Steady-state
30
] 5 10 15 20

Time s (x)

Figure 12. Depth response at the 100 cm setpoint using the fine-tuned PID controller

Based on Figure 12, the main characteristics of the system response include a rise time 0f 4.30 s, a
settling time of 11.60 s, and a relatively smooth response without significant oscillations. Overshoot and
steady-state error were calculated using Equations (16) and (17) based on the maximum response and steady-
state values obtained from the experimental results. In the 100 cm setpoint test, a maximum response of 102
cm and a steady-state value of 100.36 cm were obtained, resulting in an overshoot of 2% and a steady-state
error of 0.36%. These results indicate that the fine-tuned PID controller is capable of bringing the AUV to a
depth of 100 cm with small overshoot and a final value very close to the setpoint. Therefore, the PID
parameters used are considered effective for setpoint tracking and suitable for prototype AUV operation at a
depth of 100 cm.

4. CONCLUSION

In this study, a PID-based depth control system for a prototype-scale autonomous underwater vehicle
(AUV) was developed and experimentally validated using depth feedback from a SEN0257 pressure sensor.
To improve measurement reliability, the sensor data were processed using a combination of a Kalman filter
and a moving average filter and subsequently calibrated using a linear regression method. The calibration
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results demonstrate a significant improvement in depth estimation accuracy, with the RMSE value reduced
from 1.88 cm to 0.63 cm. These findings confirm that a low-cost pressure sensor, when supported by
appropriate filtering and calibration, can provide sufficiently accurate and stable depth feedback for closed-
loop depth control in prototype AUV applications.

The control system performance was evaluated through an experimental comparison of two PID
tuning methods, namely the Ziegler—Nichols method and manual fine-tuning, under both static conditions and
forward motion maneuvers. At a depth setpoint of 70 cm, the fine-tuned PID controller exhibited a more stable
response with smaller overshoot and lower steady-state error, although it showed a slightly slower rise time
compared to the Ziegler—Nichols controller, which produced a faster but more aggressive response. Similar
trends were observed during forward-motion tests, where the fine-tuned controller maintained smoother depth
regulation with a shorter settling time. Furthermore, experiments conducted at a deeper setpoint of 100 cm
demonstrated that the fine-tuned PID parameters remained effective and consistent despite changes in the
reference depth.

Overall, this study provides experimental evidence that combining calibrated pressure-based depth
estimation with practical PID fine-tuning significantly improves depth stability and control accuracy in
prototype AUV systems. This contribution highlights the effectiveness of integrating low-cost sensing, signal
processing, and control strategies under realistic operating conditions, thereby addressing the limited
availability of experimental validation in existing studies.
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