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 This research develops a Submersible Pylon Inspection Robot (SPIR) 

equipped with an Inertial Measurement Unit (IMU) and Extended Kalman 

Filter (EKF) to improve stability and depth control in dynamic underwater 

environments. The implemented control system uses a customized PID 

algorithm to optimize the depth response. Results show that SPIR is able to 

maintain depth well at shallow depths, but struggles to maintain stability at 

deeper depths, especially when encountering strong currents. Large 

fluctuations in the z-axis and position deviation at deeper depths indicate 

the need for refinement of the PID control algorithm, including the possible 

use of advanced control or prediction-based control to cope with dynamic 

environmental conditions. In addition, the integration of IMU and EKF 

showed good performance in reducing noise in the sensor data, but 

challenges arose in the early phase of measurement, where large 

fluctuations in the quaternion angle indicated the initial instability of the 

sensor. Therefore, it is recommended to make further adjustments to the 

EKF parameters to accelerate convergence and reduce sensor noise. This 

research shows that with further refinements to the sensor control and 

integration, SPIR can be an effective tool for underwater inspection 

operations at more extreme conditions. 
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1. INTRODUCTION  

In recent decades, advances in marine technology have triggered a growing interest in the 

exploration and exploitation of marine resources, especially in maritime countries such as Indonesia 

with vast marine areas [1]. However, the complexity of marine robotics, including high cost, large size, 

and significant weight, is a major obstacle in the development of this technology. The sinking of 

submarine 402 in April 2021, which was caused by natural factors such as underwater currents, shows 

the urgency of developing underwater technology to strengthen Indonesia's marine security [2]. Rapid 

advances in marine science and technology over the past two decades have fueled a growing interest in 

the exploration and exploitation of the oceans for scientific and commercial purposes. In this context, 

marine robotics has emerged as a key technology to carry out increasingly complex and challenging 

missions at sea. Although there have been significant advances in methodologies and applications, major 
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challenges remain, requiring further research and development to meet the requirements of the next 

generation of marine robots and their support systems [3-5]. 

Despite the progress that has been made, major challenges such as depth control and stability still 

hinder the development of underwater vehicles. Some research, such as the development of the 

Submersible Pylon Inspection Robot (SPIR), has focused on improving automation to reduce human 

involvement in hazardous conditions. SPIR uses SONAR-based navigation and 3D reconstruction, but 

still faces difficulties in controlling depth, especially in environments with strong currents [6]. In marine 

environments, effective depth control on underwater vehicles faces significant challenges due to the 

reliance on navigation and communication systems that often suffer from limitations in range and 

latency. The integration of unmanned systems, such as UAVs, can offer potential solutions to improve 

connectivity and resource management with great flexibility, but also introduces new complexities in 

data management and dynamic control. Despite the progress made in the automation of underwater 

vehicle docking and navigation systems, there is still an urgent need to overcome these constraints, 

including the adaptation to non-specially designed docking systems as well as the application of new 

technologies in extreme environments [7-8] 

Similar challenges are also encountered in the control of Remotely Operated Vehicles (ROVs), 

where reliance on limited sensors in a dynamic environment often leads to depth and position estimation 

errors [9-11].This paper highlights the importance of advanced methods and techniques for depth control 

in underwater Remotely Operated Vehicles (ROVs). Given the wide maritime and industrial 

applications, including repair, the maintenance of precise depth control is crucial. The methods proposed 

in this study, such as a robust H∞ depth tracking controller with an innovative event-triggering method, 

the use of a tether to measure hydrodynamic forces without interference, as well as a fuzzy PID strategy 

with dynamic compensation, all aim to improve ROV accuracy and stability under complex 

environmental conditions. Experimental results show that these approaches are effective in reducing 

depth errors, minimizing the influence of disturbances, and optimizing ROV performance, which are 

indispensable for meeting the requirements of practical applications in various sectors. 

The use of Inertial Measurement Unit (IMU) and Extended Kalman Filter (EKF) in depth control 

has been an active research area, but current technologies still face limitations in terms of accuracy and 

stability. In an effort to improve accuracy, several studies have proposed multi-sensor fusion systems 

that combine data from IMUs, pressure sensors, optical flow, and ArUco markers to obtain more precise 

positions and reduce location drift over time. In addition, techniques such as the combination of short 

baseline (SBL) and inverted ultrashort baseline (iUSBL) measurements using EKF have been applied 

in underwater mining scenarios to overcome localization challenges in confined environments. 

Orientation estimation with EKF is also used in Autonomous Underwater Vehicles (AUVs) to update 

position estimation under magnetic disturbance conditions, by combining data from GPS, Doppler 

Velocity Log (DVL), and Fiber Optic Gyroscope (FOG). Although these approaches show promising 

results, further development is needed to achieve more accurate and stable depth control in various 

environmental conditions [12-13]. However, these methods still have limitations in terms of accuracy 

and adaptability under rapidly changing environmental conditions. 

The use of MEMS-based nine-axis Inertial Measurement Units (IMUs) has been widely applied in 

various fields, such as underwater vehicles, unmanned aerial vehicles, and bionic robots. However, due 

to the noise in gyroscope sensors and errors in the solution process, the rotation angle estimated with 

only angular velocity data usually contains large accumulated errors and must be corrected by 

acceleration and geomagnetic measurements. A serious problem arises if there are strong magnetic field 

anomalies in the environment, which can degrade the performance of geomagnetic field correction and 

add errors. To improve the heading and attitude estimation accuracy of the nine-axis MEMS IMU in 

magnetic field anomalies, this study proposes the use of a partially adaptive Extended Kalman Filter 

(EKF) (PADEKF) with dual quaternions. To reduce the connected influence of magnetic measurement 

noise on attitude estimation in one quaternion, the heading angle and attitude are represented with two 

independent quaternions in the state vector. A self-adaptability design is adopted in EKF to improve 

robustness to spatially varying magnetic anomaly data. In the case of strong and fast-varying magnetic 

anomaly fields that cannot be well modeled by PADEKF, a combination algorithm of LSTM neural 
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network and Runge-Kutta method is given to obtain a good heading estimation. Field experiments in 

various scenarios are conducted and verify the effectiveness of the proposed approach [14]. 

PID control methods are frequently used in autonomous underwater vehicle (AUV) depth control, 

but they are often unable to cope with significant depth fluctuations or adapt to dynamic changes in the 

underwater environment. For example, in the proposed study, PID control is used to regulate the 

propeller rotation of a fast-moving AUV in a horizontal orientation and then rotate downward to float 

at the desired water depth. Although PID control can execute depth control maneuvers, this approach is 

not always effective in dealing with rapidly changing and dynamic conditions underwater. The 

optimization of inertia, propeller, battery capacity, and PID control characteristics proposed in this study 

shows that, although useful, PID control requires further adjustments to work efficiently under extreme 

environmental fluctuations. The numerical simulations performed also show that the AUV propeller 

often works in turbine mode, which requires additional protection for the AUV's electrical/electronic 

components, highlighting the need for more adaptive and robust control methods in underwater 

environments [15] 

Previous research shows that advanced methods such as PID, EKF, and IMU control can improve 

depth control, but are often not fully effective under complex and dynamic environmental conditions 

[9-11]. Recent advances in the application of Lie Groups to robotic localization, such as the use of the 

Invariant Extended Kalman Filter (InEKF), have significantly improved the accuracy of estimation and 

characterization of uncertainty in underwater navigation. InEKF, which utilizes the dynamic error in the 

Lie Groups matrix, offers linearity with minimal approximation error and excellent convergence, 

enabling more effective integration of sensors such as IMU and DVL in navigation systems. Recent 

research integrating IMUs with sensor fusion systems and Invariant Extended Kalman Filter (InEKF)-

based navigation techniques has shown improvements in stability and position estimation accuracy [16-

17]. 

Although many solutions have been proposed for depth control, there is still an urgent need to 

develop a more adaptive and robust system in the face of uncertain environmental conditions, especially 

in underwater robotic applications such as SPIR. This research aims to integrate IMU with EKF to 

improve depth estimation accuracy and stability, and apply more adaptive PID control to deal with depth 

fluctuations more effectively. With this technology, it is expected that SPIR can achieve better stability, 

making a significant contribution to the safety and efficiency of underwater missions. 

 

2. RESEARCH METHOD 

To control the motor as the movement of SPIR, this research uses sensor stages such as Inertial 

Measurement Unit (IMU) and Extended Kalman Filter (EKF). The IMU is used to measure the linear 

acceleration and angular velocity of the robot, which provides information about the robot's position and 

orientation in space. The data obtained from the IMU is then processed using the EKF, which is a 

probability-based estimation technique to reduce noise and produce more accurate estimates of the 

robot's position and orientation. Controlling the estimation and movement of the robot is assisted by the 

PID method so that SPIR can move by adjusting the actuators used. 

2.1. SPIR 

SPIR (Submersible Pylon Inspection Robot) is an advanced technology specifically designed to 

facilitate movement and inspection below the water surface, especially in conditions that are difficult to 

reach by humans. The main focus of SPIR is its ability to maneuver in the underwater environment, 

using a series of thrusters and sensors. Movement on the SPIR (Submersible Pylon Inspection Robot) 

uses a configuration of four DC motors. Each motor has a specific role in controlling the horizontal and 

vertical motion of the robot, with the aim of improving stability and precision during underwater 

operations. 

Motor 1 and Motor 2 (Horizontal Movement): The motors are placed at the back of the robot and 

configured to control forward and backward movements. The two motors work together to push the 

robot in a forward or backward direction, and differentially to perform turning maneuvers. Motor 3 and 

Motor 4 (Vertical Movement): The motors are mounted vertically and work to control the up and down 
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motion of the robot. By varying the rotation speed of these two motors, SPIR can adjust its depth in the 

water. 

2.1. IMU 

The positioning designer of the SPIR uses control principles on the x, y, and z axes. The x-axis 

determines the position or motion of the SPIR to the right and left, called surge motion, as well as 

rotation about the x-axis known as roll. On the y-axis, there is forward and backward movement called 

sway, and rotation about the y-axis called pitch motion. While in the z-axis, the SPIR position will form 

heave motion, which is the movement up and down in the z-axis direction, as well as rotation about the 

z-axis which determines the yaw position. 

 
Figure 1. Axis of the IMU sensor 

The propagation is described by a unit vector referenced to the sensor body frame and aligned with 

the transducer axis. The unit vector defines the relationship between these two velocities as: 

𝑣𝑖 = 𝑒𝑖 ∙ 𝑣𝑥𝑦𝑧 (1) 

Where vi is a scalar value representing the speed measured by transducer I, ei is the unit vector 

corresponding to the same transducer and vxyz represents the vehicle speed in the sensor body frame: 

𝑣𝑥𝑦𝑧 = [𝑣𝑥 𝑣𝑦 𝑣𝑧 ] (2) 

In a three-transducer configuration, the unit vector is defined as 

𝑒1 = [𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃  − 𝑠𝑖𝑛𝜃 ] 
𝑒2 = [− 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽  𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝑐𝑜𝑠 𝛽   −𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃  ] 

𝑒3 = [− 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽  𝜃 𝑐𝑜𝑠 𝑐𝑜𝑠 𝛽   −𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃  ] 
(3) 

Then, the velocity measured on each beam can be obtained by substituting the unit vector: 

𝑣1 = 𝑣𝑥 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 − 𝑣𝑧 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃  𝑣2

= −𝑣𝑥 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 + 𝑣𝑦 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 − 𝑣𝑧 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃  𝑣3

=  −𝑣𝑥 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 − 𝑣𝑦 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝑐𝑜𝑠 𝛽 − 𝑣𝑧 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃   
(4) 

Finally, these three equations can be used to determine the three unknown components of vehicle 

speed. 

𝑣𝑥 =
𝑣1

𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 
+

𝑣3 + 𝑣2 + 2𝑣1 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 

−2 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 − 2 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 
 𝑣𝑦 =  

𝑣2 − 𝑣3

2 𝑐𝑜𝑠 𝑐𝑜𝑠 𝜃 𝑐𝑜𝑠 𝑐𝑜𝑠 𝛽  
 𝑣𝑧

=
𝑣3 + 𝑣2 + 2𝑣1 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽 

−2 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃 − 2 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝑠𝑖𝑛 𝛽  
  

(5) 

The navigator aims to estimate the position of the robot. To achieve this goal, an interface known 

as the Navigation Sensor of the IMU is used. This interface provides various methods to return position, 

velocity, and acceleration in 6 DOF (Degree of Freedom) as well as an estimation of the quality of its 

measurements.  
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2.2. EKF 

Extended Kalman Filter (EKF) is used to estimate the position, velocity, and orientation of SPIR 

by combining data from IMU and other sensors. EKF is a method capable of handling non-linear 

systems, which are often encountered in underwater navigation. The state equation describes the 

evolution of the system over time. 

Extended Kalman Filter (EKF) is used to estimate the position, velocity, and orientation of an 

underwater vehicle (ROV) by combining data from IMU and other sensors. EKF is a method capable of 

handling non-linear systems, which are often encountered in underwater navigation. The state equations 

describe the evolution of the system over time: 

𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘) + 𝑤𝑘  (6) 

Where 𝑥𝑘 is the state vector, 𝑢𝑘 is the input vector and 𝑤𝑘 is the process noise. 

The observation equation describes how sensor measurements relate to the system state:  

𝑧𝑘 = ℎ(𝑥𝑘) + 𝑣𝑘  (7) 

Where  𝑧𝑘 is the measurement vector and 𝑣𝑘 is the measurement noise which is the algorithm of 

EKF with initialization. 

𝑥̂0 = 𝑥0, 𝑃0 = 𝑃0  (8) 

Where 𝑥0 is the initial estimate of the state and 𝑃0 is the initial error covariance matrix, with 

prediction. 

𝑥̂𝑘|𝑘−1 = 𝑓(𝑥̂𝑘−1|𝑘−1, 𝑢𝑘−1) 

𝑃𝑘|𝑘−1 = 𝐹𝑘𝑃𝑘−1|𝑘−1𝐹𝑘
𝑇 + 𝑄𝑘  

(9) 

Where 𝐹𝑘 is the Jacobian matrix of f with respect to 𝑥𝑘, and 𝑄𝑘  is the process noise covariance 

matrix. Update equations such as: 

𝐾𝑘 = 𝑃𝑘|𝑘−1𝐻𝑘
𝑇(𝐻𝑘𝑃𝑘|𝑘−1𝐻𝑘

𝑇 + 𝑅𝑘)
−1

 

𝑥̂𝑘 = 𝑥̂𝑘|𝑘−1 + 𝐾𝑘 (𝑧𝑘 − ℎ(𝑥̂𝑘|𝑘−1)) 

𝑃𝑘|𝑘−1 = (𝐼 − 𝐾𝑘𝐻𝑘)𝑃𝑘|𝑘−1 

(10) 

Where 𝐻𝑘 is the Jacobian matrix of h exposed 𝑥𝑘 and 𝑅𝑘 is the measurement noise covariance 

matrix 

2.3. Control System 

Movement control is performed according to the desired direction. Once the data from the IMU 

and EKF is processed to estimate the position and orientation of the SPIR, the next step is to drive the 

motor or actuator to achieve the set goal. A PID (Proportional-Integral-Derivative) controller is used to 

generate the control signals required to drive the SPIR. 

In this section, we define the basic parameters of SPIR (Submersible Pylon Inspection Robot) and 

the PID controller used in the simulation using MATLAB. The mass used is 10 Kg and with a damping 

coefficient that controls how fast the speed decreases due to friction or resistance of 0.5. The setpoint in 

this study is a depth of 5 meters. The simulation process is carried out in a loop with the following steps:  

Calculating error  

𝑒(𝑡) = 𝑑𝑒𝑝𝑡ℎ − 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 (𝑖 − 1) (11) 

Calculating integral and derivative errors  

Integral Error = ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

 

Derivative Error =
𝑑𝑒(𝑡)

𝑑𝑡
 

(12) 

Calculating the PID Control Signal 

𝑢(𝑡) = 𝐾𝑝 ∙ 𝑒(𝑡) + 𝐾𝑖 ∙ ∫ 𝑒(𝜏)𝑑𝜏
𝑡

0

+ 𝐾𝑑 ∙
𝑑𝑒(𝑡)

𝑑𝑡
 

(13) 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&


 

  

Volume 11, Issue 2, October 2024, pp. 224-234 

ISSN 2355-5068 ; e-ISSN 2622-4852 

DOI: 10.33019/jurnalecotipe.v11i2.4523 

229 

 

 

 

 Enhanced Depth Control and Stability in Submersible Pylon... (Hendi Purnata, et al) 

SPIR Dynamics Model 

𝑎 (𝑖) =
𝑢 (𝑖) − 𝑐 ∙ 𝑣(𝑖 − 1)

𝑚
 

𝑣 (𝑖) = 𝑣(𝑖 − 1) + 𝑎 (𝑖). Δ𝑡 

𝑥(𝑖) = 𝑥 (𝑖 − 1) + 𝑣(𝑖). 𝑑𝑡 

(14) 

 

(15) 

(16) 

The output of the controller is an 8 bit PWM signal with [0,255] or as 𝑝𝑤𝑚𝑟𝑎𝑛𝑔𝑒 with scale.  

𝑠𝑐𝑎𝑙𝑒𝑑𝑜𝑢𝑡𝑝𝑢𝑡𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑟 =
𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑆𝑖𝑔𝑛𝑎𝑙 − min (𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑆𝑖𝑔𝑛𝑎𝑙)

max(𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑆𝑖𝑔𝑛𝑎𝑙) − min(𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑆𝑖𝑔𝑛𝑎𝑙)
 

(17) 

 

To make the duty cycle to signal the motor then. 

𝐷𝑢𝑡𝑦 𝐶𝑦𝑐𝑙𝑒 =  
𝑠𝑐𝑎𝑙𝑒𝑑𝑜𝑢𝑡𝑝𝑢𝑡𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑟

𝑝𝑤𝑚𝑟𝑎𝑛𝑔𝑒
 

(18) 

PID 
Controller

Driver Motor 
1

Driver Motor 
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Driver Motor 
3

Driver Motor 
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Motor 1

Motor 2

Motor 3
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duty
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duty
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Figure 2. Overall block diagram 

 

3. RESULTS AND DISCUSSION  

In this chapter, we discuss the results of the analysis and implementation of controls for the 

Submersible Pylon Inspection Robot (SPIR) based on data obtained from various measurements and the 

mathematical equations used in the system. This discussion begins with an assessment of the system's 

accuracy in position estimation, continues with orientation and depth analysis, and concludes with an 

evaluation of the motor control. 

3.1.  Z Axis Position Error 

Graph the position error on the Z-axis to evaluate the accuracy of the system in maintaining the 

desired depth. The equations used to calculate the velocity of the IMU, and the estimation results using 

the Extended Kalman Filter (EKF), will form the basis for understanding how this position error evolves 

over time. 

 
Figure 3. Error on the Z-axis 
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This figure illustrates the position error in the z-axis. At the beginning of the measurement, the 

position error starts from a value close to 0.5 meters and shows a significant decrease with some large 

fluctuations. The position error reaches its lowest value of about -1.5 meters at the 100th step, indicating 

a large error in position estimation at that phase. After reaching the lowest point, the position error starts 

to increase again, albeit with smaller fluctuations.  The figure above shows that the system experiences 

large fluctuations in the early stages of measurement, both in quaternion angle and in position 

estimation. The correlation between quaternion angle fluctuations and position error may indicate that 

the stability of the quaternion angle contributes to the reduction of position error over time.  

3.2.  Quaternion distance 

Furthermore, the quaternion angle graph is displayed to check the stability of the SPIR orientation. 

The quaternion angle provides information about the rotation and orientation of the SPIR during the 

simulation, which is a key factor in ensuring that the position and depth estimates are accurate. This data 

is important for understanding the effect of orientation on position error and how orientation stability 

contributes to depth control. 

 
Figure 4. Quaternion distance 

In the analysis of the resulting data, it shows significant variations at the start of the measurement. 

The large fluctuations seen in this plot, with peaks reaching about 1.1 degrees, are due to the initial 

instability of the sensor. After the initial fluctuation period, the quaternion angle shows a tendency to 

stabilize with small fluctuations that persist until the end of the measurement. 

3.3.  Depth Position 

The depth position graph shows the change in SPIR depth over time. This graph provides immediate 

context on how the system responds to depth control and relates it to previously identified position 

errors. The depth position analysis allows us to assess the effectiveness of the control in practice and see 

how the desired depth is achieved or maintained. 

 
Figure 5. Depth position 
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In the initial phase of measurement (0 to 50 seconds), the actual depth generally follows the 

reference depth accurately, although there is a slight deviation. However, after 50 seconds, the deviation 

between the actual and reference depths began to increase, with the actual depth showing greater 

fluctuations than the reference. At a depth of about -6 meters, the deviation becomes more significant, 

and at a maximum depth of about -10 meters, there is the greatest deviation, with the actual depth far 

below the reference line. This shows the difficulty of the system in maintaining the desired depth at 

deeper depths. 

After reaching the deepest depth, both the actual and reference depths started to return to shallower 

depths, with the actual depth still showing fluctuations but getting closer to the reference depth. Overall, 

while SLAM can follow the reference depth at shallower depths quite well, the system shows limitations 

in maintaining a stable depth at deeper depths. 

In addition, the performance of the system combining the Inertial Measurement Unit (IMU) and 

Extended Kalman Filter (EKF) is shown to improve the accuracy of depth and position estimation. In 

the Z-axis position error graph, it can be seen that the large fluctuations in the initial phase of 

measurement are minimized over time thanks to better system calibration. The IMU is able to provide 

fairly accurate data on acceleration and angular velocity, while the EKF is effective in filtering out noise 

and integrating data from multiple sensors to provide more stable position estimation. Even so, 

challenges remain at deeper depths, where the deviation from the reference depth becomes larger. This 

signals the need for further customization of the system to deal with more extreme environmental 

conditions. 

3.4 SPIR Robot Movement Depth  

This motor is for depth regulation, and this graph shows how the PID control signal is translated 

into motor motion. This evaluation helps in assessing how well the depth control is controlled by the 

motor. 

 
Figure 6. Depth movement of the SPIR robot 

The figure above shows the activity of the four motors depicted through the change in amplitude 

against time. In the first and second subplots, it can be seen that motor 1 and motor 2 show no significant 

change in amplitude, remaining around zero all the time. This indicates that motor 1 and motor 2 are 

inactive or stopped, with no PWM (Pulse Width Modulation) applied to them. 

In contrast, in the third and fourth subplots, there is a clear and oscillating change in amplitude, 

indicating that motor 3 and motor 4 are active. This changing amplitude indicates that the presence of 

PWM indicates that motors 3 and 4 are rotating. The activity of motors 3 and 4 indicates that they are 

operating to reach a certain depth according to the given PWM pattern, while motors 1 and 2 remain 

inactive. 
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The motor activity in SPIR shows specific coordination for the stabilization and depth regulation 

tasks. Motor 1 and Motor 2 remain inactive during depth setting operations, as these motors function to 

maintain horizontal stability (roll and pitch). Meanwhile, Motor 3 and Motor 4 are active in controlling 

the vertical movement, which allows SPIR to achieve and maintain the desired depth. This pattern shows 

the logic behind the motor assignment, where the depth drive motors are focused on setting the vertical 

position, while the stabilization motors function in maintaining balance when there is no significant 

depth change. 

3.5.  SPIR Robot Motion to Maintain Special Stability of Motors 1 and 2 

Analyze the motion graphs of motors 1 and 2 that stabilize the SPIR. This graph illustrates how 

these motors operate to stabilize the SPIR and maintain balance, as well as ensuring that the system can 

cope effectively with changes in position and depth. This evaluation provides a complete view of how 

position stabilization is maintained and how the overall control is implemented. 

 
Figure 7: Movement to maintain depth position 

This figure shows the activity of four motors in an attempt to maintain a certain depth, focusing on 

motor 1 and motor 2. In the first and second subplots, it can be seen that motor 1 and motor 2 experience 

significant amplitude changes and oscillate between certain values. This pattern indicates that motor 1 

and motor 2 are active and rotating, following the given PWM (Pulse Width Modulation) signal. This 

activity of motors 1 and 2 indicates that they are functioning to maintain the desired depth by regulating 

their rotation speed and direction based on the PWM pattern. 

In contrast, the third and fourth subplots show that motor 3 and motor 4 were not active during this 

observation period, as the amplitude remained around zero all the time. The absence of amplitude change 

in motor 3 and motor 4 indicates that no PWM signal was applied. 

 

4. CONCLUSION  

This research has shown that the integration of Inertial Measurement Unit (IMU) and Extended 

Kalman Filter (EKF) as well as the use of customized PID control provide improvements in the depth 

control of the Submersible Pylon Inspection Robot (SPIR). However, test results show that large 

fluctuations at deeper depths, especially around 6 to 10 meters, require more specific refinement of the 

control algorithm. To improve stability and accuracy at more extreme conditions, refinements to the PID 

control algorithm are required. These enhancements could be the application of advanced control or 
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even predictive model-based control to adapt the system response to rapid changes in underwater current 

and depth fluctuations. In addition, the performance of the IMU and EKF in this system shows good 

results under normal conditions, but significant challenges arise when the system encounters sensor 

noise, especially in the early phase of measurement. Large fluctuations in the quaternion angle due to 

the initial instability of the sensor contribute to the initial estimation error. To address this issue, it is 

recommended to make adjustments to the EKF parameters and consider the use of additional filters that 

can accelerate convergence and reduce noise in the sensor data. Overall, this research has contributed to 

developing more accurate depth control in SPIR. However, the next step involves improving the PID 

control algorithm as well as refining the integration of IMU and EKF, especially to deal with dynamic 

and fluctuating underwater environmental conditions at greater depths. 
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