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Highlights:

* Proposed a Progressive Neural Network (PNN) framework for multi-task learning of remotely
operated vehicles (ROVs).

* Introduced a three-column Progressive Neural Network (SPNN) that dynamically selects relevant
knowledge to improve learning efficiency.

* Evaluated on the Gazebo platform, SPNN outperforms PNN, SAC, and PID in learning speed and
generalization to new tasks.

Abstract: Remotely operated vehicles (ROVs) have been popularly applied in a range of complex
underwater tasks. To minimize the human operator’s workload and errors, deep reinforcement learning
has been introduced to realize autonomous control of ROVs. However, current research on ROV control
via deep reinforcement learning mostly focuses on single task learning. In this paper, we proposed and
implemented progressive neural networks (PNNs) for ROV multi-task learning. In addition, to improve the
robot’s learning efficiency, we further proposed a three-column PNN (SPNN) that dynamically selects the
transferring experience from previous path following and obstacle avoidance tasks based on the detected
situation in the new path following with local path planning task. We evaluated our methods on Gazebo
with the BlueROV2 simulator in two types of tasks: straight line path following with local path planning,
sinusoidal curve path following with local path planning. Our results show that ROV trained via PNNs and
SPNN can learn to complete path following with local path planning tasks faster than directly transferring
policy across multi-tasks (SAC-Multi) and directly trained policy in a single task (SAC-Single) via deep
reinforcement learning SAC method, and generalize better to new tasks than the SAC-Multi, SAC-Single
and the traditional PID controller.

Keywords: deep reinforcement learning; remotely operated vehicle; path following; path planning;
progressive neural networks

1. Introduction

The remotely operated vehicle (ROV) is playing a significant role in ocean research and exploration, and
has been widely used for underwater tasks, such as underwater surveys, operations and infrastructure
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inspection [1]. Precisely controlling ROV’s movement is crucial to replace humans to complete these
marine tasks, especially those dangerous ones. Although the ROV is usually remotely operated, manual
intervention with ROV depends on the experience of operators and will increase the workload of the
operator, which greatly decreases the work efficiency [2]. Path following and planning are two important
techniques for ROV to perform underwater tasks, and usually need to be executed at the same time to
complete complex marine missions. Therefore, it is necessary to improve the autonomy and intelligence of
the ROV, especially the ability to perform multiple tasks, which can reduce an operator’s workload and
errors during operations, thus improving its working efficiency.

Lots of traditional control methods have been proposed and implemented for ROV control.
For example, the traditional Proportional-Integral-Derivative (PID) controller has been widely used
for underwwater robot control due to its simplicity, ease of implementation, and technological
maturity [3,4]. Chen et al. designed and validated model-based PID controllers for ROV depth and
Yaw-Pitch—Roll (YPR) attitude angles [5]. However, PID controllers often require frequent parameter tuning
to achieve precise control in changing marine environments, and their performance is easily affected by sensor
noise and ocean currents in complex oceanic conditions. Amundsen et al. [6] proposed a line-of-sight (LOS)
method to guide the ROV to autonomously traverse an aquaculture net pen. Hosseini et al. [7] proposed a
sliding mode approach for ROV control to deal with model uncertainty and disturbances in path following
tasks. Hong et al. [8] proposed an adaptive sliding mode controller for ROV trajectory tracking, but the
proposed method requires accurate parameter estimation. However, the LOS and sliding mode controller
usually cannot adapt to marine environmental changes. To deal with disturbing forces and moments
generated by currents, cables and disturbances, Huo et al. proposed a fuzzy logic system (FLS) to
approximate the forces and moments with an adaptive speed controller for hover and path-following
control of ROV [9], but requiring lots of expertise of the system and task. Yang et al. proposed a
DNN + ENMPC strategy that effectively enhances ROV trajectory tracking accuracy under various
disturbances [10]. However, in their method, data usually needs to be collected beforehand for pretraining
and lacks online adaptability.

Deep reinforcement learning (deep RL) is applied to realize the autonomous control of ROVs
due to its advantages of not requiring prior knowledge of the environment and being able to adapt to
marine environmental changes. Deep reinforcement learning combining deep learning and RL can realize
an end-to-end autonomous control of ROVs using raw high-dimensional input [11,12]. For example,
Khan et al. [13] used the Proximal Policy Optimization (PPO) algorithm for the ROV to complete the path
following task. Cadengue et al. [14] proposed to use an intelligent controller to realize the accurate depth
control of ROV, using the Upper Confidence Bound algorithm [15] to compensate for external disturbances
and unmodeled dynamics. Fule et al. [16] proposed a RL-based integral sliding mode controller for depth
determination control of ROV. Fan et al. [17] proposed an innovative ROV path-following control method
by designing and integrating a novel experience replay strategy within the twin-delayed deep deterministic
policy gradient algorithm (TD3). However, the above deep RL methods generally focused on single task
learning and may not generalize to other tasks. For ROV control, it usually requires performing multiple
tasks at the same time, e.g., tracking a target while avoiding obstacles. In these complex missions, multiple
RL learning models would be needed.

Multi-task reinforcement learning (MTRL) allows using only one agent to learn to accomplish multiple
tasks, aiming to bootstrap learning in one task by simultaneously learning on other related tasks [18-20].
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Recent research focused on novel sophisticated architectures to improve the performance of multi-task
learning, which often results in larger models. Progressive neural networks (PNNs) [21] as one of
the most outstanding MTRL method, have shown strong potential for forward transfer across tasks by
dynamically expanding network structures without requiring explicit alignment between source and target
domains. PNNs can learn multiple tasks using several column networks with each column of the network
solving one single task so as to avoid catastrophic forgetting in new tasks. By preserving previously
acquired knowledge and isolating learning for new tasks, PNNs offer a powerful mechanism to adapt
to new and even different environments. PNNs have been shown to be successful in a curriculum task
learning and enable a robot arm to obtain all the performance of policy trained in previous tasks almost
immediately [19,22]. In addition, Xu et al. proposed the FARPPO algorithm using progressive networks
for AUV depth-tracking control, which enhances adaptability and robustness of AUV policy in varying
dynamics with a two-stage training mechanism [23].

To reduce an operator’s workload and improve the working efficiency, this paper proposes and
implements a Progressive Neural Network (PNN) framework tailored for multi-task learning in remotely
operated vehicles (ROVs). In addition, to make better use of knowledge and experience from previous
learned tasks, we further propose a three-column Progressive Neural Network (SPNN), which dynamically
selects the most relevant prior task knowledge based on the context detected during new path-following
and local planning tasks. By adaptively transferring the most suitable prior experience according to the
current state, the SPNN is expected to improve learning efficiency and performance in complex underwater
multi-task scenarios. We evaluate our method on Gazebo with BlueROV2 simulator in two types of tasks:
straight line path following with local path planning, sinusoidal curve path following with local path
planning. We compared to deep reinforcement learning SAC method in the two tasks (SAC-Multi) and
single tasks (SAC-Single) as well as the traditional PID controller. Moreover, to test the generalization,
we tested the final policies trained in the above two tasks in three new tasks: straight line path following
with local planning with equally distributed obstacles and dense obstacles, and a sinusoidal curve path
following with local path planning with dense obstacles. Our results show that the ROV trained via
PNN can learn to complete both path following and path planning tasks faster than deep reinforcement
learning in multi-tasks (SAC-Multi) and single task (SAC-Single). Furthermore, our method was shown
to generalize better to new tasks than the one trained via SAC-Multi, SAC-Single, while the traditional
PID controller cannot perform both path following and path planning task well at the same time and
generalize to different tasks. The contributions of our work can be summarized as below:

* Propose and implement a Progressive Neural Network (PNN) framework tailored for multi-task

learning with remotely operated vehicles (ROVs);

* To make better use of knowledge and experience from previous learned tasks, we propose a
three-column Progressive Neural Network (SPNN), which dynamically selects the most relevant
prior task knowledge based on the context detected in the new task;

* Evaluate the proposed methods using the BlueROV2 simulator on the Gazebo platform, and
compare to deep reinforcement learning SAC method as well as the traditional PID controller.
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2. Background

2.1. Mathematical model of ROV

Our simulations are performed with a ROV simulator—BlueROV2—an open sourced underwater robot
platform from BlueRobotics [24]. The shape of BlueROV?2 is a rectangular structure with dimensions of
457 mm A 338 mm A 254 mm. It weighs 10-11 kg, can be operated at a maximum depth of 100 m with
a maximum speed of 3 kn for a maximum endurance of 4 hours. Figure 1 shows the distribution of six
thrusters for BlueROV2. The thruster 1, 2, 3 and 4 are horizontally oriented and responsible for heading
and steering, and the thruster 5 and 6 are vertically oriented and responsible for surfacing. BlueROV?2
was equipped with sensors like sonar and depth sensor, which can be used to perform various tasks such
as path following, path planning efc.

Figure 1. A distribution map of BlueROV2’s thrusters, with thrusters 1 to 4 controlling
horizontal movement, and thrusters 5 to 6 controlling vertical movement. Source:
Reproduced from [24].

Figure 2 shows the world frame and the body frame of the ROV model separately [24]. We use the
well-known compact ) — v Fossen notation [25], which collects the elements of the SNAME nomenclature

in a vectorized format [26,27].

BODY FRAME

WORLD FRAME

""" - Heave

Figure 2. The body and world frome of BlueROV2. Source: Reproduced from [24].

The kinematic equations of BlueROV?2 is described as:
n=Jn)v, (1)

where v = [u,v,w, p,q,r]" represents a vector consisting of body-fixed velocities (surge, sway, heave, roll,
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pitch and yaw), u, v, w represent the linear velocities and p, g, r represent the angular velocities of the
model. And 1 = [x,y,z,¢,0,y]” is the combined vector that includes the positions and Euler angles
relative to the n-frame. J(1) is the coordinate transformation matrix, which can be expressed as:

(M) 0343
7= [03><3 Jz(n)], @)

where the matrix J; (1) characterizes the coordinate transformation of the ROV’s linear velocity from the
body-fixed frame to the inertial frame, while J, (7)) characterizes the transformation of its angular velocity
between the two frames.

The dynamics model of BlueROV2 is described as:

Mv+C(v)Vv+D(V)Vv+g(N) =T+ Ter, 3)

where, the vector T = [X,Y,Z,K,M,N ]T represents the applied forces and moments exerted on the vehicle,
M represents the inertia coefficient matrix of the system, C(Vv) denotes the Coriolis force coefficient matrix,
D(Vv) represents the viscous hydrodynamic coefficient matrix, g(n) is the vector of restoring forces, and
T denotes the vector of control forces and moments generated by the ROV’s control system, while ;.
represents the vector of external disturbance forces and moments acting on the ROV during operation.

Specifically, the inertia matrix of the ROV is typically composed of the rigid-body inertia matrix
Mpgp and the added mass matrix M4, and can be expressed as:

M = Mgp + Ma. “4)
The Coriolis force coefficient matrix C(v) is expressed as:
C(v) =Crp(V) +Ca(v), &)

where Crp(V) represents the rigid-body Coriolis force coefficient matrix; C4(v) denotes the added mass
Coriolis matrix. The hydrodynamic damping matrix D(V) is expressed as:

D(V) =D+ Dy,(v), (6)

where D represents the linear damping matrix of the ROV in six degrees of freedom, which is related to
the linear and angular velocities; D, (V) denotes the nonlinear damping matrix of the ROV in six degrees
of freedom, exhibiting a nonlinear dependence on the absolute values of the linear and angular velocities.

The ROV’s motion is controlled through thrusters, typically driven by r individual thrusters.
Therefore, the control vector T can be related to the voltages applied to each thruster, expressed as follows:

T=TK(s)F(V), 7

where the matrix 7 denotes the thrust allocation matrix; the diagonal matrix K (s) represents the unit DC
gain transfer function matrix; V is the column vector of input voltages applied to the thrusters; F (V) is
the voltage-to-thrust conversion function that computes the generated force magnitude.
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2.2. Markov decision process

A reinforcement learning agent usually can be modeled as a Markov decision process (MDP) [28]. A
standard MDP can represented as (S, A, P/, Ry, 7). S is a set of states that the agent can visit, A denotes a
set of actions that the agent can perform, P, denotes the transition probability from s to s after choosing
the action at time step 7, and RS, denotes the reward received by the agent after transitioning the state from
s to 5" via performing the selected action. ¥ is a discount factor within [0, 1], denoting the importance of
the current and future rewards.

Specifically, at time step ¢, the agent interacts with the environment to obtain its state s. Then, it will
selects an action a based on its current policy in current state s. After executing the action a, the state of
the agent shifts from s to s, and it will receive a reward r. The agent will update its policy for choosing
actions based on the state-action pair and the received reward, and move to a next round. The ultimate
goal of policy updating is to learn an optimal control policy that maximizes the cumulative rewards.

The cumulative rewards are the sum of the rewards received by an agent via performing a series of
actions in an MDP, where the discount factor is also taken into account, which can be expressed as:

Ri=rip + ¥+ VPra+- = Z?’k’”r+(k+1)- ®)
k=0
The agent usually learns a state value function or an action value function. The state value function

V7 (s) is the expected cumulative rewards that an agent can obtain in the future, starting from state s,
under policy 7, which can be expressed as:

Vi(s) =Eg[R|s; =s] =Eg

Y P rwenls = S] - ©)
k=0

And the action value function Q7 (s,a) measures the expected cumulative rewards an agent can
obtain by taking an action a in a given state s under policy 7, which can be expressed as:

Q" (s,a) = Ex[R;|si = s,a; = a

Z Vkrt+(k+1) s =s,as =a
k=0

—E,

] (10)

The Bellman equation provides an iterative method for solving the optimal state value function and
the optimal action value function. By iteratively updating the state-value function or action-value function,
the optimal value function can be gradually approximated, thus obtaining the optimal policy by greedily
selecting actions with the highest value. The Bellman optimality equation for the state value function is:

V*(s) = maxB[ri41 + YV (s141) |5t = s,ar = dl]. (11)

And the Bellman optimality equation for action value function is:

Q*(s,a) =FE|r +'ym§1xQ*(st+1,a,)|s, =s,a;, =al. (12)
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3. Our methodology

This section describes the principle of progressive neural networks (PNNs) for multi-task learning and
our implementation of PNNs for ROV path following and planning.

3.1. Progressive Neural Networks for multi-task learning

Progressive Neural Networks (PNNs) represent an efficient approach to multi-task learning by introducing
new network columns as the model transitions from single-task to multi-task settings. In this architecture,
each new task is assigned a dedicated network column that leverages lateral connections to previously
learned columns, enabling effective feature reuse and accelerating the learning process. This design
enhances knowledge transfer across tasks while effectively avoiding catastrophic forgetting. By achieving
a balance between parameter sharing and isolation, PNNs ensure that new tasks can benefit from prior
knowledge without degrading the performance of previously learned tasks, thus maintaining learning
stability. With excellent scalability, PNNs can flexibly accommodate an increasing number of tasks and
dynamically adjust model complexity according to task difficulty. These features make PNNs particularly
well-suited for learning in complex and dynamic environments, where robust multi-task adaptation
is essential.

Progressive Neural Networks (PNNs) is a multi-column neural network, and each column has L

layers with hidden activations hgk) € R™, and n; is the number of units at layer i < L. PNNs can be used
to continually learn to perform complex tasks or multiple tasks fast by reusing knowledge obtained in
previous tasks. A two-column PNNs starts with a single column trained in a source task, which will be
switched to a target task that is similar to or even different from the sournce one. The parameters oW of
the first column will be ‘frozen’ and the parameters of the second column are usually initialized with @(!)

2 2)

or randomly. The activation h;”” of the second column layer will receive input from both hl@l and hﬁy

This can be extended to k-column:

k k), (k k:j i
0= (W L) =
Jj<k
where Wi(k) € R">"i-1 ig the weight matrix of layer i of column &, Ui(k:j ) € R"*" are the lateral

connections from layer i-1 of column j, to layer i of column k, and A is the network input. f is
an element-wise non-linearity: we use f(x) = max(0,x) for all intermediate layers. Figure 3 shows an
example of three-column progressive neural networks.
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Figure 3. An example of three-column progressive neural network for multi-task
learning (reproduced from [21]).
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3.2. PNNs for ROV path following and planning

The progressive neural network (PNN) algorithm for ROV path following and planning employs a
dual-column architecture, where the first column represents the pretrained path-following policy model,
and the second column is the network to be trained in the new ROV path-following and planning task.
With this structure, ROV trained with PNN is expected to make good use of knowledge and experience
from pre-trained path following task to provide effective guidance for learning in the new path following
with local planning task.

To be specific, at time step ¢ in a path following task, ROV first obtained the state s; by interacting
with the marine environment, then used the initialized policy 7y, to select and perform an action a;. Then,
ROV will receive a reward r; from the defined reward function in Section 4.2.3 after performing the
action a; in the state s;, and the environmental state of ROV will change to s;,| at the time step ¢ + 1.
The quaternion (s;,a,,s:+1,7;) will be used as a sample and stored in the replay buffer. At each step, 256
samples will be randomly selected from the replay buffer, and the MSEloss is computed and used to update
the policy network 7y, . The Soft Actor-Critic (SAC) algorithm [29,30] is employed for policy update.
Policy update via SAC not only maximizes the cumulative rewards, but also maximizes its entropy:

" =arg m;lX;E(Staat)Npﬂ [r(st,a;) +adl (w(-|s;))]. (14)

The temperature parameter @ was used to balance the entropy term and the reward in the objective
function, thereby regulating the level of stochasticity in the optimal policy. The cycle of obtaining state,
selecting and performing action, receiving reward and updating policy is repeated until an episode ends.
Finally, the ROV learned an optimal policy 7y, that performs the path following task well. After that,
the policy 7y, is used to initialize the first column of PNN and the second column of PNN is randomly
initialized. We train ROV to obtain policy 7y, represented by the second column of PNN to enable the
ROV to perform obstacle avoidance while following a target path in the new task in a same way as the

above process.

3.3. Selective progressive neural network for ROV path following and planning

Although the dual-column PNN can make use of the experience in the previous path following task to
accelerate ROV learning to follow the target path in the new path following with obstacle avoidance task,
it cannot benefit ROV learning to avoid obstacles in the new task. To make better use of knowledge and
experience from previous path following and obstacle avoidance tasks, we further propose a three-column
Progressive Neural Network (SPNN), which dynamically selects the most relevant prior task knowledge
based on the context detected during new path-following with local planning task. By adaptively transferring
the most suitable prior experience according to the current state, the SPNN is expected to improve learning
efficiency and performance in complex underwater multi-task scenarios. The mechanism of SPNN is
illustrated in Figure 4.
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Figure 4. Illustration of the mechanism of our Selective Progressive Neural Networks
(SPNN) method for ROV path following and planning. Note that s;(1) and s5,(2
represent the state information for path following and obstacle avoidance, respectively.

(Se, @, 1e)

In SPNN, as illustrated in Figure 4, the first column of PNNs is initialized with the policy 7y,
trained in the path following task which can follow a target path but cannot avoid obstacles, and the
second column of PNNs is initialized with the policy 7, trained in the obstacle avoidance task which
can avoid obstacles but cannot follow a target path. Meanwhile, the policy 7y represented by the third
column of SPNN for the path following with local path planning task is randomly initialized. When
further training the ROV’s policy in the new path following and path planning task, the first and second
columns are ‘frozen’ and only the third column will be updated. In the SPNN structure, each layer of
the third-column for policy 7y receives inputs not only from the previous layer of its own column, but
also from the corresponding layers of the first column for path-following and the second column for
obstacle-avoidance. These inputs are combined through a parameter-sharing module that aggregates the
information with a weighted sum before passing it to the next layer. In addition, during training the
policy 7y for the new task, the parameter-sharing module uses a selective mechanism which evaluates the
ROV’s current state and dynamically selects either 7y, or 7y, as the source of transferable experience.
The unselected policy network does not contribute to the transfer at that time step. The specific rules
governing the transfer of experience within the SPNN framework are as follows:
oxh) +1xn® dy<d

i—

n3) — ,
l O % h(z)1 + T % h(3) d <dy,

i— i—1

(15)

3)

where hi3 represents a layer of the ROV’s policy 7y, n® represents the previous layer of 1% in the

i—1 i
ROV’s policy 7y, and hl@l and hl@l are the layers of 7y, in the first column for the path following task
and g, in the second column for the obstacle avoidance task, respectively, and the weight coefficients

o and 7 are both set to be 0.5, d is the shortest distance between the ROV and the obstacle. dj, is the
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threshold distance, which is set to be 12.5 m after a number of experimental trials. Specifically, when
the ROV is farther than 12.5 m from the obstacles, the policy 7y will be updated using parameters in the
first column (i.e., the policy 7y, learned in the path following task) together with the new state; when the
ROV is closer than 12.5 m to the obstacles, the policy 7y will be updated using parameters in the second
column (i.e., the policy 7y, learned in the obstacle avoidance task) together with the new state. We expect
that through dynamic selection of network parameters from different tasks, the ROV can learn to perform
the path following and planning task faster and better. The pseudo code for ROV path planning is shown
in Algorithm 1.

Algorithm 1 SPNN for ROV path following and planning
Require:

The observation s, of ROV

The action a,, of ROV

The next timestep observation s, of ROV

The reward of environments ry, < W(sy,,a,)
Ensure:

Learned policy 7y and Q function Qg of ROV

Initialize parameters ¢, 6 for 7y, Qg
Initialize an empty replay pool D
//Control policy learning in path following via SAC
for k=0,1,2,...,K do:
fori=0,1,2,...,1 do:
(si,ai,si+1) < Path following environment
ri < R(si,a;);
Add (s,-,ai,siH , I’,') to D
end for
Update policy s, and Q function Qg, via SAC
end for
//Control policy learning in obstacle avoidance via SAC
for/=0,1,2,...,L do:
for j=0,1,2,...,J do:
(sj,aj,sj+1) < Obstacle avoidance environment
rj < R(sj,aj);
Add (sj,aj,st,rj) to D»
end for
Update policy 7y, and Q function Qg, via SAC
end for
//Control policy learning in path following and planning via SPNN
Transfer policy 7y, , 7y, , Qp, » Qg, to path planning task via three-column PNNs
Freeze the first-column and second-column of PNNs
fore=0,1,2,...,E do:
forr=0,1,2,...,T do:
(s7,as,8:+1) < Path following and planning environment
rr < R(s¢,ar)
Add (sy,ay,841,11) to D
end for
Update policy 7y of the third-column of PNNs and Q function Qg via SAC
end for

10
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4. Simulations and results

In this section, we describe our simulation platform, experimental tasks, state and action space, reward
functions, and results analysis.

4.1. Simulation platform

We used the Unmanned Underwater Vehicle (UUV) [31] simulator on the Gazebo platform to evaluate
our method, as shown in Figure 5. Gazebo is an open source robot simulation platform for modeling and
testing robot behavior and interactions with a variety of environments. It provides an accurate physics
simulation engine and sensor simulation capabilities that are widely used in robotics research, development
and education. The underwater environment on Gazebo can be configured to mimic the real environment,
e.g., by placing obstacles, setting current speeds, etc. UUV Simulator is an open source simulation platform
extended from Gazebo and dedicated to the simulation and study of unmanned underwater vehicles. It
is based on the Robot Operating System (ROS) framework and provides a range of tools and models
for simulating the motion, sensors, control and environment of underwater robots. The UUV Simulator
provides a more realistic testing environment for the algorithm design with ROV.

As shown in Figure 5, we used the BlueROV2 model on UUV Simulator. It has six thrusters, four
of which control ROV to move horizontally and the other two thrusters control ROV to move vertically.
The ROV is equipped with a range of onboard sensors, such as sonar sensor, leak detection sensors, an
Inertial Measurement Unit (IMU), a magnetometer, a pressure transmitter and a power sense module.

Figure 5. Screenshot of our our BlueROV?2 simulator on Gazebo.

4.2. Simulation setup

We describe the setup for our simulations as below, including the tasks, state representation and action
space, reward function design and simulation settings.

11
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4.2.1. Experimental tasks

Two types of tasks are set to evaluate our methods: straight line path following with local path planning
tasks, and sinusoidal curve following with local planning tasks.

In the straight line path following task, the ROV is required to follow a straight line of 200 meters in
length, as shown in Figure 6. We set Q = (x,y)|0 < x < 200,—30 < y < 30 as the task area. The ROV
starting state is at the point (0, 0), and the target point is at (200, 0). In the straight line path following
with local path planning task, the target path is the same as in the straight line path following task, and
simplified cylindrical obstacles are placed at the following coordinates: (66, —2.5), (80, 20), (118, —20),
and (132, 2.5). These obstacles have a uniform radius of 1.5 meters. We use cylindrical obstacles to
simplify the collision detection process while maintaining strong generality, making them suitable for
most cases involving non-compact obstacles. When the ROV does not detect an obstacle while traveling,
it continues following the straight line to complete the path tracking, and when it detects an obstacle in
front of it, the ROV needs to avoid the obstacle and return to the set path to complete the task.

30, ................................................................ task i
--- target path
204 e e Starting point of ROV
@ Target point of ROV
101 @ Obstacle
E oo @ *
= | o
-101:
-201 ®

Figure 6. An illustration of the straight line path following with local path planning
task in the underwater environment.

In the sinusoidal curve following task, the ROV is required to follow a sinusoidal curve with a length
of 120 meters, as shown in Figure 7. We set Q = (x,y)|0 < x < 120,—30 < y < 30 as the task area.
The ROV’s starting state is at the point (0, 0), and the target point is at (120, 0). In the sinusoidal curve
following with local path planning task, the target path is the same as in the sinusoidal curve following
task. In addition, we set up the obstacles at the following locations: (30, 17.5), (90, —12.5). These
obstacles have a uniform radius of 1.5 meters. The task is similar to the straight line path following with
local path planning task: the ROV carries out a path following task along a sinusoidal curve, avoids
obstacles along the way and then continue following the path to complete the task.

ROV is trained to complete the two tasks within one episode. If it meets the following conditions,
ROV fails to finish the tasks and initiate a new episode:

(1) ROV is more than |dy | metres from the target path, with d7, = 30 for straight line following with

local path planning tasks, and dy = 15 for sinusoidal curve following with local path planning tasks;

(2) The heading angle deviation of the ROV is too large, i.e., |a.| > g
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Figure 7. An illustration of the sinusoidal curve following with local path planning
task in the underwater environment.

4.2.2. State and action space

In both kinds of path following with local path planning tasks, the ROV used a sonar sensor to detect
obstacles, and the span of the detection angle is S. We divide the detection span of angle equally
into ¢ parts, so that each part of the sonar sensor’s detection angle is S/q. Each part of the ROV’s
detection range specifies the shortest distance from an obstacle as d;. The state for the ROV is represented
as 0 = [ac,8,d1,d,...,dy], as shown in Figures 8 and 9. a. is the heading angle deviation, which is
calculated as:

a. =c—cy, (16)
where c represents the current heading angle and ¢, represents the expected heading angle. g is the vertical
distance from the target path. The ROV used line of sight (LOS) [32] to correct the course during path
following in both types of tasks. In both path following tasks without obstacles, the state is represented

as [ac, gl.

y/m

Obstacle

Current heading angle C

Expected heading angle C4

200 x/m

Target path

Figure 8. An illustration of the state representation for the ROV in the straight line
following with local path planning task. (x1,y;) is the current position of ROV, d is
the distance from the obstacle, L is the frontal distance, g is the vertical distance, T is
the next target from the target path.
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y/m Obstacle

Current heading angle C

15
Expected heading angle C4

Target path

-15

Figure 9. An illustration of the state representation for the ROV in the sinusoidal
curve following with local path planning task. (x;,y;) is the current position of ROV,
d is the distance from the obstacle, L is the frontal distance, g is the vertical distance,
T is the next target from the target path.

In all above tasks, ROV is controlled by setting the speed of the thrusters. BlueROV?2 has six
thrusters, four of which (T1, T2, T3, T4) control the horizontal movements and two of which (T5, T6)
control the vertical movements. As shown in Table 1, the action space is set to be discrete, with a total of
five actions: turning right (two), turning left (two), and going straight. In our experiments, since the ROV
only needs to complete a 2D task because its equipped sonar can only provide two-dimensional sensory
information, we set the speed of T5 and T6 to be 0.

Table 1. Actions available to ROV in the 2D path following with local path planning
tasks (The unit of T is rev/min).

Action T1 T2 T3 T4 TS T6
Turn left 1 0 6000 0 —6000 0 0
Turn left 2 0 8000 0 —8000 0 0
Go straight 8000 8000 —8000 —8000 0 0
Turn right 1 6000 0 —6000 0 0 0
Turn right 2 8000 0 —8000 0 0 0

4.2.3. Reward function

In our simulations, since the ROV needs to perform both path following and path planning at the same
time, we designed reward functions composed of two parts:

r=re+ry, (17)

where r. represents the reward for path tracking and r, denotes reward for path planning. r. is computed
according to the heading angle deviation a. and the distance from the target trajectory g. r. for the straight
line following with local path planning tasks is as below:

e ’1 2, (18)

T3 4,

and r, for the sinusoidal curve following with local path planning tasks is as below:
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2 lsl
—lac| *x0.175+2" 4 %x0.325 <1.8
re= « e °= (19)

—|ae| %0.0875+2 4. x0.1625 else,

with dy = 30 for straight line path following with local path planning tasks and d; = 15 for sinusoidal
curve path following with local path planning tasks. r, is calculated according to the distance from the
obstacle in both types of tasks:

2, 5<d<8
4, 2<d<5

ry =

(20)

In addition, in both types of tasks, the ROV will receive another reward when certain conditions
are satisfied:

200, dy <lg|
r=1{ —200, ggyac| . 1)
200, d<2

4.2.4. Simulation settings

In the simulations, all parameters are experimentally optimized in multi-task learning scenarios. As
shown in Table 2, for policy training in each task, there are one actor network and two critic networks:
a main Q-network and a target Q-network. All networks are fully connected neural networks (FCNs):
FCN = [255, 255, 2] for the actor network, and FCN = [255, 255, 1] for the critic network. The ReLU
activation was used for the hidden layers, with no activation function in the final output layer. The learning
rate of the policy network is set to be 0.0003, and the learning rates of the main Q-network and the target
Q-network are set to be 0.0003 and 0.005, respectively. As shown in Table 3, 7 is set to be 0.99, the
hyper-parameter « is initially set to be 0.2, the size of the experience pool is set to 1,000,000. At the end
of each episode, we will randomly take 256 samples from the experience pool for 10 times to update the
policy network.

Table 2. Network parameters.

. Hidden Layer Output Layer
Network Structure (FCN) Learning Rate Activation Function Activation Function
Actor Network [255, 255, 2] 0.0003 RelLU None
Main Q-Network [255, 255, 1] 0.0003 ReLU None
Target Q-Network [255, 255, 1] 0.005 ReLU None

Table 3. Training hyperparameters.

Parameter Value
Discount Factor () 0.99
Initial Temperature Parameter (o) 0.2
Experience Pool Size 1,000,000
Number of Samples per Episode 10
Number of Samples per Sampling 256
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4.3. Results and analysis

In this section, we presents and analyzes results of the ROV trained using our PNN agent, SPNN agent, in
comparison with the SAC-Multi agent and SAC-Single agent. The SAC-Single agent is directly trained
in the straight line and sinusoidal curve path following with local path planning tasks, respectively. In
contrast, both our PNN agent and the SAC-Multi agent were first trained in a path following task via SAC.
However, the SAC-Multi agent was directly transferred to the corresponding path following with local
path planning task, while our PNN agent was transferred to the path following with local path planning
task via a two-column progressive neural network. In addition, our SPNN agent was first trained in a path
following task and an obstacle avoidance task, respectively, and then transferred to the path following
with local path planning task via a three-column progressive neural network.

4.3.1. Straight line path following with local path planning

Figure 10a shows the learning curves of our PNN, SPNN, SAC-Single, SAC-Multi agent training in the
straight line path following with local path planning task in terms of cumulative episode rewards according
to the reward function defined in Section 4.2.3. Figure 10a shows that, at the beginning, the learning
speed of the SAC-Multi agent and our PNN and SPNN agents is faster than that of the SAC-Single agent,
since they already learned a good policy to follow the straight line in the previous path following task.
However, the learning speed of the SAC-Multi agent decreased dramatically afterwards, which might be
because of the new situations with obstacles in the path following with local path planning task, and kept
a similar speed to that of the SAC-Single agent. In contrast, our PNN agent learned still much faster than
both SAC-Multi and SAC-Single agents, and converged to a higher performance faster than both of them.
Moreover, our SPNN agent learned a best performance at a faster speed than other agents, since it can
dynamically select the transferring experience from previous path following and obstacle avoidance tasks
based on the detected situation in the new path following with local path planning task.

400 200
300
0 «n 100
e e
c 200 ©
2 =
0] ] 0
= 100 =
] ]
2 2
2 o £ -100
S =
g 100 PNN g f PNN
o —_ SPNN O —200 | —— SPNN
~200 SAC-Single SAC-Single
—— SAC-Multi ~300 —— SAC-Multi
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600
Episode Episode
(a) (b)

Figure 10. Cumulative rewards received by the PNN, SPNN, SAC-Multi and
SAC-Single agents in the ROV straight line path following with (a) local path planning
task and sinusoidal curve path following with (b) local path planning task (averaged
over data collected in three trials). Note that the shaded area is the 0.95 confidence
interval and the bold line is the mean performance.

Figure 11 shows the trajectories of the ROV trained via PNN, SPNN, SAC-Single and SAC-Multi
during the training process in the straight line path following with local path planning task. A PID
controller that performs well in the straight line path following task was tested in the straight line path

16



Robot Learn. Article

following with local path planning task for comparison. In addition, an adaptive PID controller with
the same parameters as the PID controller but tuned for the straight line path following with local path
planning task is used as baseline and shown in Figure 11e. As shown in Figure 11, at the beginning, all
four agents cannot finish the task at all. After 80 episodes’ training, the SAC-Multi and SAC-Single
agents still cannot finish the task, while the PNN agent and SPNN agent can complete the task but do
not follow the line well. At Episode 150, the SAC-Multi and SAC-Single agents still cannot finish the
task, while the PNN agent and SPNN agent can avoid the obstacles and follow the line with fluctuations.
At Episode 230, our SPNN agent is already able to perform the path following with local path planning
task well. At Episode 250, the SAC-Single agent can finish the task without following the target line, the
SAC-Multi agent can follow the target line and avoid obstacles with larger fluctuations than our PNN
agent. After 300 Episodes’ training, our PNN agent can approach the performance of our SPNN agent at
Episode 230, while both the SAC-Multi and SAC-Single agents can complete the task with much larger
deviations from the target line. In addition, the PID controller that performed well in the straight line path
following task cannot finish the straight line path following with local path planning task at all, which
indicates that a traditional PID controller cannot perform both path following and path planning task well
at the same time.
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-20 [ ] -20 [ ] -20 [ ]
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-40 -40 -40
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
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Figure 11. Trajectories of ROV trained with our method (a) PNN, (b) SPNN and
(c) SAC-Single, (d) SAC-Multi during the training process in the straight line path
following with local path planning task, in comparison with (e) a PID controller that
performing well in the straight line path following task and an adaptive PID controller
with the same parameters as the PID controller but tuned for the straight line path
following with local path planning task.

We also compared the final performance of the four agents in terms of the tested trajectories, heading
deviation and distance from target route, in the straight line path following with local path planning,
and the path following task without obstacles, using final policies trained via PNN, SPNN, SAC-Single
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and SAC-Multi in the straight line path following with local path planning task, in comparison with the
adaptive PID controller that performed the straight line path following with local path planning task
well, as shown in Figures 12 and 13, respectively. From Figures 12 and 13 we can see that, while both
SAC-Multi and SAC-Single agents could finish both the straight line path following with local path
planning task and the path following task with fluctuations, our SPNN and PNN agents can complete both
tasks with smaller heading deviation and distance from target route, reaching a performance close to the
adaptive PID controller in the two tasks.
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Figure 12. Tested (a) trajectories, (b) heading deviation, and (c) distance from the
target route of the ROV in the straight line path following with local path planning
task, using final policies trained via PNN, SPNN, SAC-Single and SAC-Multi in the
same task, in comparison to the adaptive PID controller performing the straight line
path following with local path planning task well.
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Figure 13. Tested (a) trajectories, (b) heading deviation and (c) distance from the
target route of the ROV in the straight line path following task, using final policies
trained via PNN, SPNN, SAC-Single and SAC-Multi in the straight line path following
with local path planning task, in comparison to the adaptive PID controller performing
the straight line path following with local path planning task well.

4.3.2. Sinusoidal curve path following with local path planning

Figure 10b shows the learning curves of our PNN, SPNN, SAC-Single, SAC-Multi agent training in the
sinusoidal curve path following with local path planning task measured by cumulative rewards received
within one episode based on the defined reward function in Section 4.2.3. It can be seen from Figure 10b
that, the learning speed of the SAC-Multi agent is similar to that of the SAC-Single agent and even a
bit slower during the training process, while our PNN agent and SPNN agent learnmuch faster than
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both SAC-Multi and SAC-Single agents, and convergeto a higher performance faster than both of them.
Moreover, our SPNN agent achieves the best performance at a faster speed than other agents.

Figure 14 shows the trajectories of the ROV trained via PNN, SPNN, SAC-Single and SAC-Multi in
the sinusoidal curve path following with local path planning task. A PID controller that performed well in
the sinusoidal curve path following task was tested in the sinusoidal curve path following with local path
planning task for comparison. In addition, an adaptive PID controller with the same parameters as the
PID controller but tuned for the sinusoidal curve path following with local path planning task is used as
baseline and shown in Figure 14e. As shown in Figure 14, none of the four agents can finish the task at the
beginning. After 80 episodes’ training, only the SPNN agent can complete the task. After 140 episodes’
training, the SAC-Multi and SAC-Single agents still cannot finish the task, while the PNN agent can
complete the task with deviations from the target route and the SPNN agent can complete the task better
than the PNN agent. At Episode 180, the SPNN agent achieves optimal performance. At Episode 220, the
SAC-Multi and SAC-Single agents can finish the task with fluctuations, and PNN agent achieves optimal
performance. After about 400 episodes’ training, the SAC-Single agent and the SAC-Multi agent can
achieve a performance similar to that of the PNN agent at Episode 220, which is almost as good as SPNN
agent and the adaptive PID controller. In addition, the PID controller that performed well in the sinusoidal
curve path following task cannot finish the sinusoidal curve path following with local path planning task
at all, which indicates that a traditional PID controller is not able to perform both path following and path
planning task well at the same time.
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Figure 14. Trajectories of ROV trained via our method (a) PNN, (b) SPNN, (c¢)
SAC-Single, (d) SAC-Multi during the training process in the sinusoidal curve
path following with local path planning task, in comparison to (e) a PID controller
performing well in the sinusoidal curve path following task and an adaptive PID
controller with the same parameters but tuned for the sinusoidal curve path following

with local path planning task.
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The final performance of the four agents is also compared in terms of the tested trajectories, distance
from target path and heading deviation in both the sinusoidal curve following with local path planning task
and path following tasks using final policies trained via PNN, SPNN, SAC-Single and SAC-Multi in the
sinusoidal curve following with local path planning task, in comparison to the adaptive PID controller that
performed the sinusoidal curve path following with local path planning task well, as shown in Figures 15
and 16, respectively. From Figures 15 and 16 we can see that, although both SAC-Multi and SAC-Single
agents could finish both the sinusoidal curve following with local planning task and path following task,
our PNN and SPNN agents can complete both tasks with smaller heading deviation and distance from
target route, reaching a performance close to the adaptive PID controller in the two tasks.
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Figure 15. Tested (a) trajectories, (b) heading deviation, and (c) distance from the
target route of the ROV in the sinusoidal curve path following with local path planning
task, using final policies trained via PNN, SPNN, SAC-Single, and SAC-Multi, in the
same task, in comparison to the adaptive PID controller performing the sinusoidal
curve following with local path planning task well.
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Figure 16. Tested (a) trajectories, (b) heading deviation and (¢) distance from the
target path in the sinusoidal curve following task, using final policies trained via PNN,
SPNN, SAC-Single and SAC-Multi in the sinusoidal curve following with local path
planning task, in comparison to the adaptive PID controller performing the sinusoidal
curve following with local path planning task well.
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4.3.3. Generalization to new tasks

We also evaluated the generalization of our PNN agent and SPNN agent by testing and comparing final
policies of the ROV trained via our PNN, SPNN, SAC-Multi and SAC-Single in three new path following
with local path planning tasks. Specifically, we saved the final policies of the ROV trained via the four
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agents in the original straight line path following with local path planning task and tested them in two new
straight line following with local path planning tasks: one with uniformly distributed obstacles along the
target route, one with dense obstacles along the target route. The adaptive PID controller that performed
the original straight line path following with local path planning task well was also tested in the two new
tasks for comparison. Moreover, we saved the final policies of the ROV trained via the four agents in the
original sinusoidal curve path following with local path planning task and tested them in a new sinusoidal
curve following with local path planning task with dense obstacles along the target route. The adaptive
PID controller performing the original sinusoidal path following with local path planning task well was
also tested in the new task for comparison.

Figures 17, 18 and 19 show the tested trajectories, distance from the target path and heading
deviation of the four agents in the three new tasks. From Figures 17, 18 and 19 we can see that, while
all PNN, SPNN, SAC-Single and SAC-Multi agents can finish the three new tasks, our SPNN agent can
perform the new tasks with smaller fluctuations, distance from the target path and heading deviation
compared to the PNN, SAC-Single and SAC-Multi agents. In contrast, the adaptive PID controller that
performed well in the original tasks can complete the new straight line planning task with uniformly
distributed obstacles with larger fluctuations than the SPNN agent, and cannot finish the new straight line
planning task with dense obstacles and new sinusoidal curve planning task at all.

Our results in Figure 20 show that the final control policies of all four agents and adaptive PID
controller can complete the new straight line path following with local path planning task with uniformly
distributed obstacles along the target route with high success rate (SPNN: 100%, PNN: 98%, Adaptive
PID: 96%, SAC-Single: 88%, SAC-Multi: 90%), which might be because this new task is similar to the
original straight line planning task. In the new straight line planning task with dense obstacles along the
target route which is quite different from the original task, the success rate of completing the task by both
SAC-Single and SAC-Multi agents decreased to 80% and 66%, and the adaptive PID controller has only
11% success rate, while our PNN and SPNN agent still kept 92% and 98% success rate, respectively. In
the new sinusoidal curve planning task with dense obstacles that is different from the original sinusoidal
curve planning task, the success rate of completing the task by both SAC-Multi and SAC-Single agents
decreased to about 80% and the adaptive PID controller has only 31% success rate, while our PNN and
SPNN agents still kept 94% and 98% success rate, respectively.

In summary, our results indicate that the ROV trained via our PNN and SPNN can complete both
path following and path planning tasks well, and generalize better to new tasks than the one trained via
SAC-Multi, SAC-Single. Moreover, our SPNN agent can obtain aneven better performance than the PNN
agent faster, since it can dynamically select the transferring experience from previous path following
and obstacle avoidance tasks based on the detected situation in the new path following with local path
planning task.
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Figure 17. Tested (a) trajectories, (b) heading deviation and (¢) distance from the
target route of the ROV in a new straight line path following with local path planning
task with uniform distributed obstacles along the target route, using final policies
trained via PNN, SPNN, SAC-Single and SAC-Multi, together with the adaptive
PID controller performing the original straight line path following with locak path

planning task well.
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Figure 18. Tested (a) trajectories, (b) heading deviation, and (c) distance from the
target route of the ROV in a new straight line path following with local path planning
task with dense obstacles along the target route, using final policies trained via
PNN, SPNN, SAC-Single, and SAC-Multi, together with the adaptive PID controller
performed the original straight line path following with local path planning task well.
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Figure 19. Tested (a) trajectories, (b) heading deviation, and (c) distance from the
target route of the ROV in a new sinusoidal curve following with local planning task
with more and dense obstacles along the target route, using final policies trained via
PNN, SPNN, SAC-Single, and SAC-Multi, together with the adaptive PID controller
performing the original sinusoidal curve following with local path planning task well.
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Figure 20. Success rate of completing three new planning tasks.

5. Conclusion

In this paper, we proposed and implemented progressive neural networks (PNN) for ROV multi-task
learning. In addition, we further proposed a three-column PNN (SPNN) that dynamically selects the
transferring experience from previous path following and obstacle avoidance tasks based on the detected
situation in the new path following with local path planning task. We evaluated our methods with the
BlueROV?2 simulator on Gazebo in two types of tasks: straight line path following with local path planning,
sinusoidal curve path following with local path planning, and compared to deep reinforcement learning
SAC method in the two tasks (SAC-Multi) and single tasks (SAC-Single) as well as the traditional PID
controller. Moreover, to evaluate the generalization to new situations, we tested the final policies trained in
the above two tasks in three new and complex tasks: straight line path following with local planning task
with equally distributed obstacles and dense obstacles, and a sinusoidal curve path following with local
path planning task with dense obstacles. Our results indicate that the ROV trained via PNN and SPNN
can learn to complete both path following with local path planning tasks faster than deep reinforcement
learning in multi-tasks (SAC-Multi) and single task (SAC-Single), and generalize better to new situations
than the one trained via SAC-Multi, SAC-Single and the traditional PID controller.

Although our proposed PNN and SPNN methods are capable of learning to accomplish multiple
tasks and adapt to changes in the marine environments, the tracking accuracy of our methods can be further
improved compared to the finely tuned adaptive PID controller for specific and fixed task. Moreover, in
our SPNN method, we use a fixed threshold as the switching criterion for transferring between different
task policies which imposes limitations on its generalization to other tasks. Future work plan to allow
SPNN to dynamically adjust the weights for balancing experience transfer from previous different tasks.

In addition, our simulations are currently limited to two 2D tasks because of sonar sensor and are
more applicable to ROV's without tether-induced drag effects or to untethered underwater vehicles (AUVs).
In future work, we aim to investigate motion planning methods that account for tether dynamics,
as the tether is a critical constraint for ROVs and may introduce drag and entanglement risks that
significantly impact control performance. Moreover, we plan to extend our approach to a wider range of
environments and three-dimensional tasks, including obstacle avoidance under varying ocean currents and
path-following with local planning in the presence of dense, irregular, or even dynamic obstacles. We will
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also evaluate the our method’s robustness to diverse and challenging situations, such as cluttered seabed
terrains and environments with variable buoyancy. Comprehensive metrics evaluating ROV performance
such as energy efficiency and response time are also necessary for practical usage of our method. Finally,
we would like to extend our methods to continuous control of ROV, transfer and validate on the physical
ROV system in the marine environment with sim-to-real transfer methods [19,33—-35] and handling
additional real-world factors like water currents and sensor noise.
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