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Abstract

A fully automated, buoy-based deployment sensor system is being developed to acquire
high-quality water column data, and requires a controller to accurately position an array of
sensors at various depths. The sensor system will be potentially deployed under rough
ocean conditions. Depth is measured by a pressure sensor and adjusted through a rotating
drum powered by a stepper motor. The proposed controller uses a model predictive control
algorithm, a type of optimal control that predicts system response to optimize control
actions used to track a desired variable-depth, setpoint profile. The profile is calculated
to ensure smooth motion of the system, preventing motor malfunction. A simplified
system model was created and used to simulate an open-loop test and system response.
Constraints were applied to the control actions to match the practical limitations of the
stepper motor. The simulated results show successful tracking of both a shallow and deep
profile. At this stage of testing, the effects of ocean currents are considered by using a
simple disturbance that provides the effect of ocean currents. A practical prototype that can
implement the model predictive controller was tested on the physical buoy-based system
with good control performance.

Keywords: model predictive control; precision motion control; aquaculture

1. Introduction

As societies continues to grow, so too does their need for food production. Many costal
regions have been developing their aquaculture facilities to meet that demand. Aquaculture
focuses on the production of fish, shellfish, and aquatic plants for the goal of consumption.
There are many types of aquaculture farms, ranging from salmon cages in bays and oceans,
to inland farms in ponds and lakes [1,2]. With the growth in aquaculture, there is also
demand to introduce Industrial Internet of Things (IloT) and Industry 4.0 practices to
assist with more optimal and environmentally sustainable practices [3-5]. Key metrics for
monitoring for most aquaculture sites are the pH level, temperature, turbidity, and level
of dissolved oxygen [6,7]. Through the collection of this data, aquacultures sites could be
digitally twinned to provide real-time and predicted metrics of the site [8,9]. These twins
will need high quality water column data, which requires accurate depth positioning of
sensors. Sending a manned vessel to collect this data can be costly and time-intensive, so a
buoy-based tethered sensor unit is being developed to gather this data. This work presents
an optimal control algorithm to accurately position a sensor underwater, in calm water
conditions and in a cross current. The ability to position sensors be used as a platform to
acquire the water column data. The algorithm will be tested in simulation and through
practical testing.
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Figures 1 and 2 are simple diagrams highlighting the mechanical and electrical aspects

of a proposed system that can use this controller.
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Figure 1. Mechanical components of the system.
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Figure 2. Electrical components of the system.

The mechanical aspect is composed of a worm gear, drum, tethering cable, and sensor

body. The sensor body is considered the payload, and can comprise a variety of sensors to

fit a given need. It will need to be waterproof to protect the components inside. Connected

to th

e body is the tethering cable. The length of cable released will be the only element

controlling the depth of the sensors, simplifying the system as there would be no active
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depth-control elements on the sensor body, like propellors. The motor will drive the worm
gear, which turns the drum and the amount of cable released. The worm gear prevents
back-driving of the system, locking it in place when the motor is not moving. This forgoes
the need for electric brakes.

The electrical components are the battery, motor driver, microcontroller, and the
depth sensor. To provide feedback to the microcontroller, the depth of the sensor body is
determined through the pressure. This data is fed into the control algorithm to determine
the next control move need, which is sent to the motor through the motor driver. The
microcontroller provides the ability to transmit the data locally to a nearby vessel or shore,
or to the internet. To extend the capabilities of the sensor buoys, a network of buoys could
be deployed in an area to extrapolate the water column data to cover a given area.

The expected use case for the system is to lower the sensors to a maximum depth, and
then raise and hold at desired setpoints along the path back to the surface. The holding
at depths allows different types of sensors to stabilize readings before proceeding to the
next depth. A smooth setpoint trajectory can be generated that will move the sensor to
points while preventing motor damage by introducing acceleration. Practical applications
of this system may be subject to currents and wave motion that will pull the sensors off
this trajectory, as shown in Figure 3. For sites that are in deeper, open-water environments,
strong cross-currents eliminate the ability for the controller to use an encoder attached to the
drum as feedback, as the amount of cable released would not be an accurate measurement
of the depth of the sensor. Instead, position feedback is done through a local pressure
reading from the sensor payload.

Figure 3. An example of a non-ideal use case, where the payload is pulled off the vertical axis by
a current.

This work examines the depth control aspect of the sensor system, and uses a simplified
model to run simulations tracking example trajectories. The control algorithm selected for
these simulations is Model Predictive Control (MPC). MPC has many applications and has
found success in areas like industrial control [10] and underwater positioning systems for
Autonomous Underwater Vehicles [11,12].

The MPC algorithm is tested through simulation performed in MATLAB_R2024b.
These simulations were performed in stages, starting simply before adding on more com-
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plex elements. Upon successful simulations, a physical test bench was constructed and
representative tests were able to be performed. Stability and robustness analyses and
corresponding testing are left for future work.

Current smart aquaculture applications focus on highly controlled sites like onshore
tanks or consistently predictable sites like shallow ponds. Static sensors are sufficient for
these sites. This work aims to provide a platform to allow for the collection of high-quality
water column data in a variety of deeper water environments, including those with ocean
or river currents. The MPC-based controller provides flexibility through arbitrary setpoint
trajectories and, as an optimal control scheme, can reduce the amount of time the motor is
running, prolonging the battery life of the system.

2. Methodology
2.1. Model Predictive Control

Model Predictive Control is a type of optimal control that iteratively drives a system
towards a desired setpoint through predicting a system response to a given control move.
A prediction horizon N is selected as time ¢ to t + N, as well as a control action horizon n,,.
At time ¢, the optimal control actions in the control horizon are calculated and the system
response is predicted from time ¢ to t + N based off the first control action. The prediction
horizon is then shifted to t 4+ 1, t + N + 1 and the process is repeated. One of the strengths
of MPC is its ability to easily handle multi-input, multi-output (MIMO) systems [13]. While
this work simulates a single-input, single-output (SISO) system for simplicity, by using
MPC, there is a foundation for future work to easily adapt to a MIMO system that has
potential to be more accurate under practical water conditions.

Calculating the optimal control action requires knowledge of the system’s open-loop
response. The system’s response to an open-loop test over N is discretized and stored in
array P as

P:[Pl P .. P”LxN (1)

An example system is shown in Figure 4. The values of P can be found through
simulation of a system’s response, or from sampling a practical system. However, the
prediction process can be sensitive to noise in the dynamic matrix. To minimize errors
when using sampled data, an approximate system model can be determined and used to
simulate a much less noisy open-loop test.

4
y(©)

Py P, P Pa

At A2t A3t A4t t

Figure 4. Example system response used to illustrate the normalized discretized values of P.
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The goal of most control algorithms is to minimize the error between a desired setpoint
and the system’s output, and MPC takes this further by looking to minimize not only the
error at the current time ¢, but also future errors. An example system is shown in Figure 5.
In this example, there is an 1, of 3.

For each time step ¢, the system output y is iteratively driven towards the setpoint Y5,
by a control action at time ¢, represented by u;. The dashed lines represent the system’s
output based solely on the input u; from a starting point of P at the previous time step,
P;_1. This can be used to predict future values of system output denoted as . Generally,
this prediction can be represented as

N
g(t+kt) = go(k +1) + ) PAu(t —i+k) 3]
i=1

y(©)

| [ Setpoint Yy,

-------------------------------------------------------

= =1~ = — = ¥ Outputy from u

|
= = == === % outputyfromu,
|
: >
t-2 t-1 t t+1 t
u(t)A
| | |
1 | I
1 AUL(t)
-
I
aut) 1 |
| 4 1 |
aufy ! : '
- | | 1 >
t-2 t-1 t t+1 t

Figure 5. An example system iteratively driven towards a setpoint Ysp.

The errors ey, e, and e3 in the example system can be represented as

e = Ysp — (}h + Py Aug + PyAuy) 3)
er = Ysp — (92 + PoAug + PyAuy) (4)
e3 = Ysp — (3 + PsAug + PoAus) 5)

and stored in a vector E. Generally, the error vector E is

E=|e; e .. eNLxN (6)
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The Jacobian matrix | can be used to minimize our errors. If

ul 2

J=)Y ¢ 7)
i=1
then to minimize with respect to the control actions, the equation to solve is
9]

S — 8
SAu ®)

To assist in the matrix math, a dynamic matrix A is created. This matrix is built from
the elements of P. An example of a dynamic matrix for n, = 3 can be shown as

Solving (8) provides us with the following equation for control moves:
Au = [(ATA)TLAT(E) )1, 9)

Other solutions for Au can involve weighting matrices on the error vector and con-
trol moves.

2.2. Implementing MPC

As discussed, the initial step for this MPC implementation is to sample the process
and find vector P, and from there create matrix A. For simplicity, the system’s initial state is
represented as zero. The setpoints should also be defined and stored in Y;p,. With variables
initialized, the online control loop begins.

The first step is to sample the system’s output, and compare it to Y; to find E. With
E, (9) can be solved. A control vector u can be found as

u=u +Au (10)

where 1~ is the previous control action vector. The first value of vector u is sent to the
system as the control action. For the future simulations, a discretized equation of the
system is used to simulate the system output at time ¢ and stored in y, (¢). The plant output
prediction can then be determined as

§ = 9 + PAu(0) (11)

The setpoint and prediction vectors Y5, and 7 are shifted to advance them to the next
time step. The process can then be repeated, returning to the sampling of the system and
the calculation of E. More details on MPC can be found in [14-18]. An overview of the
implemented algorithm can be shown as (Algorithm 1):
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Algorithm 1: Implemented MPC algorithm.
fori=1:N

. Measure v,

. Adjust prediction §

. Evaluate E = Ysp —

. Evaluate Au = (ATA)"' x AxE

. Evaluate u = u~ + Au

. Send u(0) to system

.Findnew § = 7+ A(:,1)Au(0)

. Advance horizons

O 00 NI O Ul = W N -

. Update u™ tobe u

>
W

. System and Modeling

The plant comprised a microcontroller (#C), motor and motor driver, a drum to release
the cable, and a depth sensor attached to said cable. Initial simulations were performed
with a representative model of the plant. It considers ideal equations for the stepper motor,
the worm gear, and the drum. Complex aspects like the effect of releasing cable on drum
inertia, or the effects of ocean conditions were not included and left for future work.

Stepper motors are a type of permanent magnet motor that rotate by a fixed angle for
every input pulse received. The speed at which the motor rotors is determined by the rate
the pulses are being sent [19]. Figure 6 illustrates changes in pulse rate. This method of
motor control is called pulse frequency modulation (PFM). PEM was chosen over the more
common pulse width modulation technique for its intuitive comparison to the steps of the
stepper motor, where each pulse represents a step of the motor. Increasing the frequency of
the steps increases the speed of the motor.

Pulse

_ elelelnsE =

Slow Motor Speed ---------------------------- Fast Motor Speed
Acceleration—p

Figure 6. Illustration of pulse frequency modulation.
Figure 7 illustrates a block diagram of the system.

Constraints Plant

Desired Max Depth Cost Function

Trajectory
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Figure 7. Block diagram of the system.



Appl. Sci. 2025, 15, 10122

8 of 21

With step angle 6 and frequency f, and assuming the system is ideal with a constant
load, angular velocity of a stepper motor can be calculated as
_ Os/step

w(rad/s) = 360 x f(Hz) (12)

The system includes a worm gear between the motor and drum to prevent back
driving, with gear ratio g. Converting this angular velocity of the motor shaft w to output
linear velocity of the drum v is performed by

Os

v:wr:%fxr (13)

The transfer function can then be found as

&y
sX(s) = =——=rF(s) => ;{((SS)) = % (14)

For the simulation to match hardware already procured, the simulation uses a step
angle of 1.8°, a gear ratio of 1:10, and a drum radius of 0.10 m.

X(s) 05x1073
F(s) s

(15)

This transfer function is used to find the step response of the system required to
generate a dynamic matrix A. The system transfer function was also discretized and used
to simulate the response of the plant each simulated time step.

After the completion the test bench further simulations were done by approximating
a transfer function from practical test data, as discussed previously. This approximation
was achieved through MATLAB_R2024b’s System Identification toolbox. A more accurate
transfer function for the system, based on the test data, is

X(s) 01x1073
F(s) s

(16)

This transfer function is very similar to (15), albeit with a smaller gain, likely due to
the omission of drag in the initial transfer function. The time constant effect is not included
as it is negliagble.

To avoid malfunction of the motor, smooth setpoints are tracked. MPC will use these
smooth setpoints will give control actions that accelerate the motor to its operating speed,
and decelerate to stop.

2.4. Trajectory Planning

The setpoint profile is calculated from a defined start point xg, end point xr, and the
desired end time for the motion ;. With those defined values, and requiring velocities
to be zero at the start and end points, there are four constraints to motion. A 3rd-order
polynomial can be used to solve for these constraints. The constraints can be shown as

x(0) = x¢ (17)
x(tf) = xiy (18)
2(0) =0 (19)

x(tp) =0 (20)
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Position can be expressed as a 3rd-order polynomial
x(t) = ag + art + art* + azt? (21)
resulting in equations for velocity and acceleration as

x(t) = ay + 2at + 3a3t? (22)

x(t) = 2ap + 6ast (23)

Using the constraints, the coefficients a; a, and a3 can be solved for the following:

ap = X (24)
a =0 (25)
a = tf32(xf — Xo) (26)

More details can be found in [20]. Figure 8 shows an example of the output from (21),
(22), and (23) to produce position, velocity, and acceleration profiles for a motion from 0 m
to 10 m over a 20 s timespan.

Multistep trajectories needed for simulations are formed through a combination of
these profiles over a given timeframe, as shown in Figure 9. This segmentation ensures that
each step follows a smooth motion.

Position Profile
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Figure 8. Example trajectory for smooth motion from 0 m to 10 m.



Appl. Sci. 2025, 15, 10122 10 of 21
Position Profile
3 T T T T T 1 T
4 ///. -
_ ~
E, T
= — - .
-
2 /
B2 y .
o] e
o /
i o n
o —// | 1 1 1 | | |
0 5 10 15 20 25 30 35 40
Time (s)
Velocity Profile
03 T T T T T T T
04 - 7N -
‘E 0aE \ T B
2ozl / N N, 7
] / o
S it/ A 7
oL ; ,
01 | 1 1 1 | | |
0 5 10 15 20 25 30 35 40
Time (s)
Acceleration Profile
02 T T T T T T T
%
E 01 —
=
5]
%
kol
8 a1l -
+]
{ /
02 | o 1 1 | | |
0 5 10 15 20 25 30 35 40

Time (s)

Figure 9. Example complex trajectory for smooth motion from 0 m to 5 m, with a pause and hold at

3m.

3. Results
3.1. Simulated Results

The descent and ascent were treated as two separate trajectories and their results
combined to one plot. Two simulations were performed: one with a shallower max depth
of —5 m, and one with a deeper max depth of —10 m. All simulations were performed in
MATLAB_R2024b. Typically, the value of N is selected so that it is when the system reaches
at least 97% of steady state response. For this system, reaching the bottom of the tank in an
open-loop test was treated as reaching steady state.

To better match a practical model of the system, white noise was added to the simulated
outputs and control moves were constrained. The constraints were set to keep the pulse
rate inputs between 1.5 kHz, based on initial testing with the system’s stepper motor.
Frequencies higher than that can cause the motor to malfunction.

The trajectory for the simulation is shown in Figure 10. The descent is a simpler path,
as on the ascent, the payload is expect to be held at a certain depth to allow for sensors to
stabilize before continuing to the next setpoint. The MPC algorithm tracks the setpoints
well, as shown in Figure 11.
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Figure 10. Example trajectory that matches the expected use case of the system.
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Figure 11. Simulation results of the shallow test.

The second simulation was performed with a deeper max depth of —10 m. Overall
tracking is performed well, as shown in Figure 12. However, the system output falls
behind the profile most notable on the spans between —6 m and —10 m. This is due to the
magnitude constraint put on the system input. The optimal move would be to continue to
increase the frequency; however, this would not be feasible on the practical motor. Figure 13
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compares the unconstrained control moves and the constrained ones for the rising part of

the trajectory.

, Simulated Output
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Desired Trajectory
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Figure 12. Simulation results from the deep test.
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Figure 13. Control actions for the deep test, comparing the constrained and unconstrained actions.
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3.2. Practical Testing

With promising simulated results, a practical test bench was constructed. While
previous work was performed in MATLAB_R2024b, in order to implement the test on a
microcontroller, the algorithm was converted to C++. The microcontroller used was an
MKR 1500 NB, due to its availability and the built-in cellular modem, which can be used in
future work to implement the desired IIoT aspect. Testing software was written to allow a
user to input their desired depth for each test, and the collected data is printed in a format
MATLAB_R2024b accepts to allow for quick plotting and data analysis. The created test is
best shown in Figure 14.

Table 1 outlines the components used to create the test bench.

Table 1. Components used to create test bench.

Component Type Component Selected
Stepper Motor 175-QSH5718-76-28-189-ND
Motor Driver DRI0O043-ND
Microcontroller Arduino MKR NB 1500
Depth Sensor MS5837-30BA
Power Bench-top power supply

Figure 14. Photos of the test bench above the testing tank.

The previous simulations were performed with the expectation that a 10 m tank would
be available for testing. However, the practical tests were conducted in a 1.4 m tank, which
was more easily accessible. To generate the dynamic matrix for the 1.4 m tank, an open-loop
test was conducted. As with the simulations, reaching the bottom of the tank was treated
as reaching the steady state, and thus N was based off of the time steps required to reach
the bottom in the open-loop test.
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This data was then used to find the transfer Equation (16). A comparison of the

practical step response and the simulated step response is shown in Figure 15.

Depth (m)

Comparing the Simulation to the Practical Test Data

\.»\I
A Practical Open Loop Test
G Simulated Open Loop Test
-\\\.
N,
Ty
b B
N
\\
2 <
N
\‘\
1 1 I I 1 1 I I 1 N
2 4 6 8 10 12 14 16 18 20
Time (s)

Figure 15. Comparison of practical step response data to simulated response data.

The noise seen in the practical response would propagate to the control actions if used
for the creation of the dynamic matrix. A control simulation showing the effect of noise in
the dynamic matrix is illustrated in Figures 16 and 17. Figure 16 is the simulation with the
noisy dynamic matrix, and the effect can be see in its inability to reach the setpoint on both
descent and ascent, as well as holding at 0.6 m instead of 0.5. The control moves oscillate
heavily as well. Figure 17 is the same simulation, but with a dynamic matrix that was
generated from the MATLAB_R2024b System Identification Toolbox output. This simulation

tracked the setpoint exactly, except where the magnitude limitation prevented it.

With Practical Plant Dynamic Matrix
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Figure 16. A simulation done with the practical open-loop response data.



Appl. Sci. 2025, 15, 10122

15 of 21

With Simulated Plant Dynamic Matrix
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Figure 17. A simulation done with the simulated open-loop response.

With the dynamic matrix, testing in the tank could begin. All tests were performed
with the same profile: descend to 0.5 m, ascend to and hold at 0.25 m, and then return to the
surface. By only going to 0.5 m, when the depth sensor is lowered without the simulated
ocean current effects, it does not reach speed constraints, which helps to highlight the
effects of the simulated current in later tests. Ocean current was simulated by pulling on
the depth sensor as it lowered, as if there was a current pushing it off its vertical axis.

The first test was conducted without any interference, and is shown in Figure 18. On
the descent, the sensor’s depth tracks the setpoint well, but with a slight delay. This delay
is also seen on the ascent. There were small fluctuations on depth during the hold, but
only of a max of £2 cm. Overall, this test was considered a success, as the ability to hold
position accurately is the most important aspect of the controller, followed by its ability to
track a smooth trajectory.

The second test has the simulated ocean current, and the results are shown in Figure 19.
As the sensor was lowered, it was also pulled perpendicular to the vertical axis. This can
be seen in the results, as the tracking is farther off than in the first test, and the control
actions are much higher. In order to attempt to track the profile, the motor had to run
faster to counteract the effect of the ocean current. The control actions get limited by the
1500 Hz cutoff at around the four-second mark, limiting the ability to track the trajectory.
The simulated current slowed the ascent as well, but did not limit the systems ability to
adapt and hold at 0.25 m. The delay getting to the setpoint does lower the time spent at the
hold depth. This can be mitigated by holding longer than needed for a given sensor, as this
is not a time critical application.

A third test was conducted to observe how the system would react to a sudden
displacement instead of the slow, gradual implementation of the ocean current performed
in test two. Figures 20 and 21 show the descent and ascent respectively, separated to allow
for closer examination. On the descent, the displacement happened just after four seconds,
and the system quickly responded by increasing the motor speed. On the ascent, the
sudden displacement was done during the hold, to test the systems ability to adjust during
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the most important aspect of the trajectory. At 14 s, the sensor was displaced, getting a
distance of 5 cm away from the setpoint before being placed back. The controller quickly
responded to the displacement, bringing the motor up to speed from standstill.
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Figure 19. Results from Test 2—Ocean current disturbance from the beginning.
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Figure 20. The descent of Test 3—Sudden Disturbance.
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Figure 21. The ascent of Test 3—Sudden Disturbance.
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The Mean Square Error (MSE) can be used to evaluate how well the system tracked
the desired setpoint trajectory. MSE can be found using the following equation:

1 n
MSE = — Y (ym; — Yspi)? (27)
i=1
where 7 is the total number of samples to compare, y,; is the measured value at index i,
and Ysp; is the setpoint at index i. If the difference between the target setpoint and the
measured value is small, the MSE will be small as well. A lower MSE value is indicative of
better tracking. Table 2 contains the MSE values for the three practical tests.

Table 2. Mean Square Error values for practical tests.

Test Number MSE
Test 1—No Disturbance 0.00093275
Test 2—Constant Disturbance 0.00343450
Test 3—Sudden Disturbance 0.00104725

Test 1, without the ocean current simulation, expectedly has the lowest MSE. At most,
the measure value deviated away from the setpoint by £5 cm, during the descent. The
depth-sensitive hold had a deviation of +2 cm. This tracking was successful. While still
small, test 2 had a larger MSE compared to test 1, which was to be expected. The system
was actively displaced off the vertical axis. The largest contributor to this increase are
durning the active ascent and descent. After reaching the hold, the system deviated just
£2 cm, similar to test 1. Test 3’'s MSE was closer to test 1, as the compared to the overall
trajectory the disturbance was during a small portion of the test. Low MSE values support
the systems ability to accurately track the desired setpoint trajectory during these initial
practical tests.

4. Discussion
4.1. Simulations

The simulations proved to be a valuable tool in fine-tuning the control algorithm
on a representative system. While the initial simulations did not completely represent
the future test bench, the form of the transfer function was similar. The second set of
simulations used the dynamic matrix from the practical testing, which helped to identify
the issues caused from the noisy dynamic matrix. When the test bench was first built,
preliminary tests showed odd behavior, settling at 80% of the desired setpoint. By using
the simulation, it was determined to be an issue with the dynamic matrix, and not the test
bench itself. Overall, simulations were a success, and provided insight needed to conduct
the practical testing.

4.2. Practical Testing

The practical testing was a success given the constraints of the testing environment.
The controller was able to position the depth sensor to specified depths along a smooth
trajectory, albeit with a slight delay. At this time, the delay is not a concern as the main
focus is to be able to drive the system to the specified depth, and hold if required. As long
as collected temperature, salinity, pH, etc., data is compared to the collected depth values,
the water column data will still be accurate.
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The method to simulated current was not ideal, yet provided a way to test the systems
response to disturbances. By comparing the control moves from the undisturbed test in
Figure 18 to any of the other tests, it is clear that the system can recognize when the sensor
is being pulled off-axis. The system would likely be able to return to the desired trajectory
quicker if not for the limitations on the control moves. The desired trajectory and control
move limitations should be taken into account when planning routes for the sensor. Both
can be adjusted, yet the goal of limiting the control moves is to protect the motor and thus
care should be taken if adjusting them. Penalty matrices can be applied to the control move
and errors in the objective function if needed to reduce the magnitude of the control moves.

With the ability to track the trajectory, even in the presence disturbances, these small
tank tests are considered a success, and work is being done to progress the testing further
under deeper conditions.

4.3. Future Work

The testing can easily be expanded on by testing in a larger tank. To more accurately
represent typical conditions, the depth should be around 10 m. As more cable is released,
the dynamics of the system will change as mass is removed from the drum. Future tests
should consider this effect; however, the change in overall drum inertia dynamics at
every time step should show up in the dynamic matrix and the system should handle the
change accordingly. It would also be valuable to test with a more realistic, yet controlled
current simulation. A flume tank or flow agitator could be used to push the sensor off the
vertical axis.

5. Conclusions

There is a need for precise depth control of a tethered underwater sensor unit to
monitor key ocean data and MPC shows potential as an algorithm for this task. Using
MPC, a simulated system tracked two smooth motion trajectories. Input into the system
was constrained to be below 1.5 kHz, which only affected the output while tracking the
deeper of the two profiles. The effect of this constraint did not prevent the system from
performing well. The successful simulations were followed by successful initial practical
tests. The controller was able to track a setpoint, obtaining its feedback data from a real
depth sensor in a small tank. These tests included a simple ocean current simulation, which
the system responded well to. These initial practical tests can be expanded on by testing in
a larger tank, and having a more realistic implementation of simulated current. If testing
in a larger yet controlled tank yields promising results, open-water testing in a realistic
environment can be completed.
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