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Abstract

Autonomous locomotion in robotic fish requires task-dependent control capabilities un-
der changing environmental conditions. This paper proposes a hierarchical simulation-
based control framework for a two-joint robotic fish in a two-dimensional (2D) planar en-
vironment. This framework integrates the twin delayed deep deterministic policy gradi-
ent (TD3) algorithm with a sensory-feedback central pattern generator (CPG). A nonlinear
planar dynamic model is designed as the learning environment, and a CPG network gen-
erates rhythmic undulatory swimming. The CPG network generates smooth locomotor
patterns, while the TD3 policy performs high-level neuromotor modulation for task-de-
pendent behavior. In the target-reaching benchmark, TD3—-CPG achieves a 100.0% success
rate with a Wilson 95% confidence interval (CI) of [96.30%, 100.00%], outperforming
benchmark models. The proposed controller is also evaluated with obstacle avoidance in
target reaching and station keeping under current disturbances. In circular obstacle avoid-
ance, TD3-CPG achieves a 98.0% success rate and a 98.0% safe-pass rate, whereas the mul-
tiple rectangular obstacle scenarios yield an overall success rate of 91.7% over 96 trials. In
station keeping, the controller achieves stay ratios of 87.57 + 12.81% under constant cur-
rent and 96.88 + 10.79% under gust current, while keeping the mean target distance below
the 0.25 m station keeping radius in both cases. Within the adopted 2D planar simulation
environment, the obtained results demonstrate that the proposed method exhibits task-
dependent maneuvering performance within the evaluated scenarios.

Keywords: robotic fish; reinforcement learning; CPG; locomotion control; dynamic
modeling; adaptive control

1. Introduction

Recently, central pattern generators (CPGs) have become a significant research area
in biomimetic robots, enabling the generation of rhythmic swimming motions inspired by
biological systems. In robotic fish control, CPG structure provides a biological framework
for producing forward swimming, turning, orientation regulation, and motion responses
to environmental stimuli [1-3]. In particular, closed loop CPG architectures supported by
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sensory-feedback have improved the adaptability of swimming behavior by enabling the
modulation of rhythmic patterns according to environmental and task-related conditions.
However, despite these advances, current CPG-based robotic fish systems are still limited
in terms of speed, energy efficiency, maneuverability, and flexibility [4]. Although CPG is
an effective mechanism for producing stable and periodic swimming patterns, it is not
sufficient by itself for task-oriented and adaptive control in complex environments. There-
fore, CPG-based control continues to serve as a robust motion generation baseline in ro-
botic fish research, while also providing a suitable foundation for integration with sen-
sory-feedback, decision-making mechanisms, and learning-based control strategies.

The development of CPG-based robotic fish control has gradually evolved from open
loop rhythmic motion generation toward more integrated and task-aware control archi-
tectures. Biologically inspired oscillatory signals can generate stable swimming motions,
and parameter optimization methods can improve the consistency in robotic fish proto-
types [5]. Recent studies have extended this framework by incorporating sensory neurons,
fuzzy logic, finite state machines, hierarchical decision structures, and center-of-gravity
regulation to support autonomous swimming, obstacle avoidance, behavioral switching,
and three-dimensional (3D) swimming modes [6-9]. These developments show that CPG
can be used as a modular motion generation to provide high-level control. Nevertheless,
recent reviews also emphasize that achieving biological levels of speed, efficiency, and
maneuverability remains an open challenge, particularly when robotic fish must operate
under uncertain, dynamic, or task-dependent environmental conditions [4]. However,
CPG models still need more flexible and adaptive parameter modulation according to
changing task requirements [5,10].

Reinforcement learning (RL) is a promising strategy for providing CPG-based con-
trol, ranging from rhythmic motion generation to adaptive and goal-oriented behavior.
Unlike traditional control approaches, RL enables an agent to learn control policies
through interaction with the environment, optimizing the task performance [11,12]. This
capability is particularly important for the continuous adjustment of swimming behavior
according to the task and energy-related constraints. The integration of deep reinforce-
ment learning (DRL) with CPG allows for high-level adaptive modulation of control var-
iables such as oscillation frequency, amplitude, and phase relationships, while preserving
the rhythmic structure of biological swimming. Therefore, the CPG network produces sta-
ble and smooth locomotor patterns, and the RL policy can effectively determine the re-
quired swimming behavior. This combination provides a biologically inspired, learning-
capable control framework for autonomous robotic fish navigation and control, integrat-
ing low-level swimming regularity with high-level decision adaptability [13-15]. RL ap-
proaches have attracted increasing attention in recent years for the control problem in un-
derwater robots [16]. The main reason is that classical model-based methods often strug-
gle to maintain the same level of performance under nonlinear current effects, environ-
mental uncertainties, and real-time decision constraints. In this context, Zhan et al. [17]
proposed a deep reinforcement learning policy to generate heading commands for a sonar
target tracking an autonomous underwater vehicle (AUV) and showed that the method
improved tracking performance. Compared with a heuristic strategy receding horizon
control (RHC) approach, the proposed method achieved a 14.5% improvement in average
tracking accuracy over the RHC approach, while reducing decision time from 9.8 s to un-
der 0.1 s. However, this study mainly focuses on the general underwater decision-making
problem and does not directly address the generation of biomimetic rhythmic swimming
motion or the adjustment of CPG parameters for different task purposes. Therefore, while
reinforcement learning appears to provide an effective decision mechanism for underwa-
ter vehicles, its integration with biomimetic motion control in robotic fish remains an im-
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portant research issue. It is seen from the literature that reinforcement learning was ini-
tially used more for specific problems. Duraisamy et al. [18] investigated the speed track-
ing problem in robotic fish using a deep reinforcement learning model, compared the
deep deterministic policy gradient (DDPG) and the twin delayed deep deterministic pol-
icy gradient (TD3) controllers, and showed that the TD3 structure exhibited more success-
ful learning behavior by overcoming the local optimal problem. Similarly, Xu et al. [19]
handled the online adjustment of body rigidity in a two-jointed robotic fish with a DDPG
control approach and noted that this resulted in an improvement in thrust efficiency of
approximately 9.77%. Both studies focus more on a single performance metric and do not
discuss task-oriented behavior transitions together.

Feng et al. [20] studied cooperative tracing and capture by proposing a multi-agent
reinforcement learning framework using a central training distributed execution structure
for multiple robotic fish and demonstrated the applicability of this approach with both
simulation and physical experiments. This study shows that reinforcement learning can
be used in multi-agent and task-oriented underwater scenarios as well as single control
problems. However, the focus of the study is on cooperative strategy learning among mul-
tiple robots. Considering studies in which reinforcement learning and CPG are used to-
gether, Chen et al. [11] proposed a control structure that can be trained in a real physical
environment for the heading control of robotic fish. In this architecture, reinforcement
learning is used at the decision layer, while CPG is responsible for generating periodic
motion. In this way, decision-making and biomimetic rhythm generation are combined
within the same framework. Experimental results showed that the proposed method
achieved higher control accuracy and better stability than the classical proportional inte-
gral derivative (PID) control approach in complex current environments. However, the
task considered in that study is mainly limited to heading direction control. Similarly, Su
et al. [8] developed a two-layered structure combining CPG and DDPG for the control of
the robot manta. In this structure, the CPG network generates rhythmic swimming motion
at a low level, while in the high-level DDPG algorithm, the CPG control parameters are
fit according to the state of the robot manta and velocity information. The study described
how the proposed structure achieved tasks in the simulation environment and also re-
duced the task completion time compared to the CPG-PID approach in experiments. In
this respect, the study can be considered as one of the current examples where reinforce-
ment learning is directly related to CPG parameter adjustment. However, the task struc-
ture noted is mostly based on reaching the target point and swimming control. Wang et
al. [21] suggested a predictive DDPG target tracking model for a biomimetic autonomous
system and examined fixed targets, dynamic targets, and leader—follower tracking scenar-
ios in a simulation environment. Likewise, Tian et al. [22] presented an improved deep Q
network (DQN) path planning method that considers dynamic currents, terrain, and ob-
stacles together and showed that path planning for bionic robotic fish can succeed with
deep reinforcement learning. Although these studies demonstrate that reinforcement
learning can be used effectively in target-oriented robotic fish tasks, their main focus is
placed on high-level tracking or planning performance. The rhythmic generation of mo-
tion through CPG and the adaptation of such a structure for different tasks are not the
primary focus of these studies.

When the CPG and DRL-based learning studies are analyzed, two open topics can be
observed in the literature. First, CPG still plays a central role in generating biomimetic
and continuous swimming movements. Secondly, DRL can be used to support decision-
making, parameter adaptation, and control under ambiguous environmental conditions.
Despite this progress, current studies focus either on a single task or on a limited control
problem such as speed regulation, efficiency improvement, heading control, path follow-
ing, or target tracking. A similar situation arises in studies combining RL with CPG, where
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parameter adjustment is usually addressed within the scope of a specific task. However,
tasks such as target reaching by avoiding obstacles and maintaining a fixed position, alt-
hough based on the same biomimetic swimming structure, need different control require-
ments in terms of environmental interaction, control objectives, and performance evalua-
tion. This indicates that the adjustment of CPG parameters through RL structure accord-
ing to task requirements has not yet been sufficiently extensively studied. Therefore, this
study investigates how tuning CPG parameters through the RL mechanism affects robotic
fish swimming performance under different task conditions.

To address the aforementioned issues, this study focuses on task-dependent adaptive
locomotion control for a biomimetic robotic fish in a two-dimensional (2D) simulation en-
vironment through the integration of DRL and a sensory-feedback CPG architecture. The
rhythmic swimming generation and task-oriented behavioral adaptation are designed
with a common control framework. In the proposed methodology, a dynamic model pro-
vides the environment for learning, and a lamprey-inspired connectionist CPG network
generates stable and rhythmic swimming motion. The sensory-feedback provides envi-
ronment-dependent stimuli into the neural oscillators, and a TD3-based decision layer
acts as a high-level neuromotor modulator that regulates task-relevant control variables
according to the observed state. These components are organized hierarchically. The ro-
botic fish dynamics determine the motion consequences of actuation, and the CPG net-
work preserves continuous and biologically plausible propulsion. The sensory-feedback
mechanism adapts the oscillatory response to local conditions, and the TD3 agent shapes
the overall behavior for target reaching, obstacle avoidance, and station keeping. There-
fore, the multitask learning problem involves the same locomotor backbone that is adap-
tively used under different task requirements. As a result, this study aims to formulate
TD3 as a neuromotor modulation policy for a sensory-feedback CPG network and evalu-
ate this architecture under different robotic fish behaviors using the same locomotor back-
bone. In this structure, the DRL policy does not directly control joint angles or torques,
and it modulates CPG-related control variables. The main contributions of this paper can
be summarized as follows:

e Ahierarchical TD3-CPG locomotion framework is developed for biomimetic robotic
fish control. The proposed architecture combines a nonlinear planar fish model, a
lamprey CPG network with sensory-feedback, and a TD3-based high-level control
layer, integrating biologically appropriate rhythmic actuation with learning-based
task adaptation in a single control structure.

¢  CPG modulation is designed as a task-oriented learning problem. Instead of using
CPG only as a fixed periodic motion generator, the network modulation is designed
as a decision-making process, and the RL policy determines the oscillation variables
based on task and environmental factors.

e Aunified control framework is evaluated on three representative task behaviors. The
adaptability of the proposed controller under challenging task conditions is evalu-
ated through tasks such as reaching a target, reaching a target while avoiding obsta-
cles, and station keeping under external current disturbances.

e A comprehensive evaluation is performed to examine convergence, safety, and dis-
turbance tolerance under the neuromotor architecture. The obtained results show
that TD3-CPG modulation enhances rhythmic swimming control with task-depend-
ent adaptability.

The remainder of this paper is organized as follows: Section 2 presents details of
background theories. The simulation results and performance comparisons are given in
Section 3. Finally, Section 4 summarizes the conclusion of the study.
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2. Materials and Methods

This section presents a hierarchical control methodology that bridges mathematical
modeling with neuromorphic actuation and learning-based artificial intelligence. First, a
comprehensive planar kinematic and nonlinear dynamic model is given to present the
rigid body equations and quasi-steady hydrodynamic propulsive forces of the two-joint
robotic fish. Later, a lamprey-inspired CPG model is presented with a sensory-feedback
mechanism, which ensures instantaneous, reflex-like kinematic adaptation to exterocep-
tive environmental stimuli. The DRL approach given is utilized as a virtual brain system,
and autonomously maps high-dimensional environmental state spaces to optimal de-
scending neural commands, dynamically modulating the CPG network. Finally, the over-
all control framework is presented in detail.

2.1. Planar Kinematics and Nonlinear Dynamic Model of Robotic Fish

The motion of a two-joint robotic fish is modeled in a 2D plane to establish a compu-
tationally efficient and control-oriented environment for the DRL approach. The obtained
dynamic model is derived from our previous robotic fish model based on real carp loco-
motion characteristics [23]. In the earlier study, the robotic fish model was represented as
an articulated multibody system incorporating 3D kinematics and hydrodynamic interac-
tions. In the present study, the body-tail propulsion and planar maneuvering effects are
derived from the earlier study. For the DRL-based control, this model is reduced to a pla-
nar form while retaining the body—tail propulsion mechanism. The derived model repre-
senting the state transition dynamics of the Markov decision process (MDP), which serves
as the interactive environment for the DRL agent, is reduced to a 3 degrees of freedom (3-
DoF) planar system. The structure of the robotic fish consists of a rigid body of length L,,
a two-joint tail of lengths L, and L,, and a passive caudal fin of length L.. The lamprey
CPG network generates rhythmic oscillatory motions by producing the angles of these
joints. Two reference frames are utilized for the state-space variables of the DRL agent.
The Earth fixed inertial frame (0 — X,Y;Z;) defines the global position n =[x y ]”
with the surge position, sway position, and yaw angle, respectively. The body-fixed frame
(0 — x,y,2z,) placed at the center of mass (CoM) gives the local velocities, and it can be
represented as v =[u v 1]7, including surge, sway, and yaw speeds. Therefore, the
kinematic transformation can be given with the 3 x 3 Jacobian matrix [24]:

n=J]Wv )
where 1) is the time derivative of the position vector in the inertial frame. Therefore, the
kinematic transformation is expressed as follows:

x cos(yp) —sin(y) O]u
/| = [sin(¥)  cos(y) Ol v @)
Y 0 0 uUlr

The internal variables are defined by the link angle vector forming a serial tail struc-
tureas @ = [0, 6,]" € R%. The orientations of the tail linksare @ = [@; ©,]7 with ¢, =
Y+ 6, and @, = + 01 + 0,. The link of positions (ry,7,) is used to obtain the hydrody-
namic forces and can be given as:

o W R ®
R R e R el @
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The rigid body kinetics and surrounding fluid body interactions are modeled using
the Newton Euler formulation. The acceleration of the robotic fish displaces the surround-
ing water, creating an additional mass effect that is coupled with the rigid body mass. The
2D nonlinear dynamics of motion for the main body are defined as:

Mv + C()v+ D)V = Tpyq (5)

Here, M € R** is the generalized mass matrix including the rigid body mass matrix
Mgp and the hydrodynamic added mass matrix M,. Also, Tpyq = [X Y N]" is the gen-
eralized hydrodynamic force vector. Assuming the robotic fish design has an on-axis sym-
metry, and the CoM aligns with the origin of the body-fixed frame, the total mass matrix

is diagonal. Therefore, the generalized mass matrix can be given as:

m—-X, 0 0
M=| 0 m-Y, 0 (6)
0 0 I, — N;
where m is the total mass of the robotic fish, and I, is the rigid body of inertia. The added
mass coefficients along the surge, sway, and yaw axes are X, ¥;, and N;, respectively.
C(v) € R¥3 represents the Coriolis centripetal matrix, which captures the forces arising
from the rotating body-fixed frame. This matrix integrates both rigid body Crp and
added mass Cy4. In addition, it is skew-symmetric to satisfy energy conservation proper-
ties and can be given as:
0 0 —-(m-Y,)v
Clv) = 0 0 (m - X u (7)
(m-Y,)v —(m-—X,)u 0

The hydrodynamic damping forces acting on the body, generated by friction and
vortex effects, are defined by the damping matrix D(v) € R3*3. To represent speed-de-
pendent resistance in a reduced-order form, D(v) is decoupled into linear viscous and
nonlinear quadratic damping components as D(v) = D; + D,(v), and it can be obtained

by:

X, + Xu|u||u| 0 0
D(V) = 0 Yv + levllvl 0 (8)
0 0 Nr + errl |T|

where X, Y, and N, represent the linear damping coefficients, whereas X, Y, and
Ny denote the nonlinear quadratic damping coefficients for the surge, sway, and yaw,
respectively. The oscillatory motion of the tail links generates the propulsion of the robotic
fish. To calculate the propulsive forces, a quasi-steady hydrodynamic model is given. For
each tail link i, the local fluid speed vector V; at its geometric center is calculated by the
speed of the main body v and the relative kinematic speed induced by the angular mo-
tion of the joint:

Vi = v+ Jrai(0)8 )

where Ji4;;; is the kinematic Jacobian mapping. The speed is divided into tangential and
normal componentsas V;r = V; - t; and V; y = V; - n;. Therefore, the hydrodynamic forces
acting on the i-th link are presented with the normal F;y and tangential F;+ drag com-
ponents relative to the longitudinal axis of the link:

1
Fiy= _EO-CNAL'VI:,vai,N| (10)

1
Fir = _EJCTAL'VL',Tlvi,T| (11)

where o is the fluid density, A; is the wetted surface area of the link, Cy and C; are the
drag coefficients. The total force vector acting on the link is given:
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FE=Fy-n+Fr-t (12)

Therefore, these forces are mapped to the CoM to obtain the generalized propulsion

Z(Fi,x)

2
tya=| ) (Fiy) (13)
i=1

forces as follows:

2
Z(xiFi,y —yiFix)
Li=1 |

Here, (x;,y;) is the position of the related link. These force terms provide a repre-
sentation of tail-driven propulsion in the planar model. The motion of the robotic fish is
generated by the CPG model, which directly produces rhythmic link angles. The output
of the j-th CPG is defined as y;(t), and then the link angles can be given with:

6;(6) = 6y,(1) (14)

Here, § is the scaling coefficient. Therefore, the hydrodynamic forces are governed
by the neural dynamics through the kinematic coupling between 6 and v.By modulating
parameters in the CPG network via DRL, the agent handles nonlinear hydrodynamic
forces and torques. Figure 1 shows the designed robotic fish model.

Thyd |r v =[uv. r1 :'7:[x,y-,l//]"
(Mgs+ My) ! 4>[>—:——1 Jy) 4>[>——,—>
| v
17

Crp(v) [«

Ca() +D(v)

A

_________________ = cee e v
Robotic Fish Fish Dynamics ; e ) ‘ _______ »x
H g “5£Col 7 . .
Swimming
Direction

Figure 1. Robotic fish model.

2.2. Lamprey CPG Model

Biological CPGs in the spinal cord behave as autonomous neural oscillators that gen-
erate rhythmic muscle activation patterns essential for complex locomotor behaviors such
as walking, crawling, and swimming without external stimuli. In the context of control
engineering, these neural models can offer a highly robust, stable, and adaptable output
for the locomotion control of robotic fish, facilitating smooth and continuous transitions
between diverse rhythmic swimming gaits in response to dynamic environmental condi-
tions [25,26]. While CPG models are generally categorized into biophysical, connectionist,
and abstract hierarchical levels, the connectionist approach is particularly advantageous
because it leverages biologically plausible neuron models to preserve realistic network
dynamics without the computational complexity associated with detailed biophysical
simulations. The realization of effective autonomous motion control requires a framework
capable of parameter modulation for gait generation, continuous sensory-feedback inte-
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gration, and dynamic environmental adaptation. Although abstract-level CPG models fre-
quently incorporate feedback inputs, their output cannot mimic the filtered, smooth tran-
sition characteristics found in biological kinematics.

This study adopts a connectionist-level CPG model with a sensory-feedback mecha-
nism, inspired by the lamprey, one of the earliest known swimming vertebrates [27]. It
can be noted that the CPG model used in this study is adopted from the authors’ previous
lamprey-inspired CPG studies [6,7]. This framework can behave as the artificial neural
spinal cord of the robotic fish. The CPG network is operated by a motor control unit
(MCU) acting with a series of interconnected chain oscillators that collectively synthesize
the rhythmic oscillation trajectories for propulsion. Operating like a brainstem, the MCU
determines global phase relationships by propagating descending motor commands to
modulate the subsegmental oscillators along the spinal chain. Each neural oscillator ex-
hibits bilateral symmetry, divided into distinct left and right hemispheric segments.
Within each symmetrical part, the dynamic interactions of three specialized interneurons
are called the crossed interneuron (CIN), lateral interneuron (LIN), and excitatory inter-
neuron (EIN). Finally, a motor neuron (MN) controls the CPG output. Rhythmic oscilla-
tion activities occur through continuous interactions between these nerve units.

In the CPG network, oscillators are connected via external coupling synapses. The
EINs send inhibitory synapses to neighboring oscillators, while each LIN is configured to
receive these synaptic signals. It can be noted that this coupling topology preserves later-
ality. Presynaptic and postsynaptic connections between distinct oscillators also remain
confined to their respective left or right domains. The calculation of these interneurons is
derived from the leaky integrate and fire (LIF) model, which provides a computationally
efficient and biological representation of temporal membrane potential variations. The
rhythmic output of an oscillator generates the nonlinear spatial and temporal dynamics,
and it is mathematically formulated through a system of coupled equations. The temporal
membrane potentials for the CIN and LIN are described as follows:

N
T = x4 ) oy (15)
k=1
N N
. (LIN LIN LIN LIN
MM = _x (N Z Wi + Z G- (16)
k=1 j=1

where 7 denotes the temporal period of the oscillator. The subscript i indicates the seg-
ment laterality, k represents the index of the presynaptic neuron within the same oscilla-
tor, and N is the total number of connected intersegmental neurons. The variables x(¢™)
and x*™ define the membrane potentials of the CIN and LIN, respectively. The in-
tersegmental synaptic weight from neuron k to neuron i is denoted by w;;, while s;;
represents the propagated presynaptic potential within the same segment. For the in-
tersegmental coupling in the LIN dynamics, the index j represents the specific oscillator
position along the spinal chain. Consequently, w;_;) defines the synaptic weight from
the previous oscillator, and ¢’V is the corresponding neurotransmitter potential prop-
agated from that neighboring oscillator.

The EIN incorporates a nonlinear sigmoid activation mechanism, and this allows for
continuous variation in the membrane potential and strong propagation of excitatory sig-
nals. The sigmoid function is scaled with the oscillation amplitude A and symmetrically
shifted, receiving constitutive input from the opposite CIN as:

LA A

‘ 14 @™ 2 17)
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where x™ is the membrane potential of the EIN. In the simulations, 4 is defined as
20°. The x™™ is the membrane potential of the contralateral CIN. Therefore, the motor
neuron dynamics x™") can be expressed as follows:

N
n’ci(MN) = —xi(MN) + A+ Z a)i,ksi(f,:’m (18)
k=1

Here, f is the offset parameter. These computations culminate in the coordinated
output of the j-th oscillator, expressed as:

yj = max(xl(MN), 0) — max(xéMN), 0) (19)

where y; serves as the oscillatory output signal. The steady state convergence of this
structure guarantees continuous rhythmic outputs. To mimic the biological propulsion of
Carangiform fish, a phase delay is constructed, characterized by a body wave that travels
through the body and rises smoothly to the caudal fin. The MCU regulates this phase
relationship by propagating targeted inhibitory synapses along the spinal cord. This mod-
ulation is achieved through the integration of two high-level synapses, w;z and wg;, lo-
calized within the MCU. The inhibitory synapse wg; € (0,1] projects from the left EIN to
the right LIN, while the excitatory synapse w; € [~1,0) connects the right EIN to the
left LIN. These weights are calculated using the phase correlation coefficients as follows:

a -y
(@rp 0re) = (a Yy a+ y) (20)

where a and y are the phase correlation coefficients bounded within (0,1]. To guaran-
tee the smooth and stable sinusoidal oscillation, internal synaptic weights are normalized,
while the projection from EIN to MN is scaled to 0.1. Furthermore, the system relies on
asymmetric initialization. Figure 2 presents the schematic diagram of the CPG model.

(LIN) Oscillator; (LIN)

Wij-1€ 50 ;W€

\
I

1 \

——e : Inhibitory Synapse —: Excitatory Synapse

Figure 2. Schematic diagram of the CPG model. Each CPG oscillator is connected via unidirectional
synaptic weights from the EIN to the LIN.

2.3. Sensory-Feedback Mechanism

The robotic fish requires an adaptive detection layer capable of instantly integrating
external and internal signals to navigate in aquatic environments with complex dynamic
structures [28]. During locomotion, the obtained environmental data is converted into a
normalized external stimulus input parameter, denoted as A. This stimulus is directly
transmitted to sensory neurons (SNs) embedded in the CPG model, allowing the neural

https://doi.org/10.3390/biomimetics11080534
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network to dynamically adjust the rthythmic output transmitted to the tail link via MNss,
and kinematic adaptation based on desired control behaviors can be achieved. The sen-
sory-feedback mechanism filters environmental noise and responds only to critical
changes with a threshold-based activation. Therefore, the nonlinear state dynamics of
each sensory sensor are obtained using differential equations with time constants as fol-
lows:

ek (x4 pA, (fAZ Q)

= 21)
‘rrecx(SN) —xi(SN), (otherwise)

where xV) characterizes the membrane potential of the sensory neuron. T, and T,
also define the response and recovery time constants of the stimulus. The variable p acts
as the stimulus scaling coefficient, and A determines the critical activation threshold 2
that can be exceeded to elicit a neural response. Consequently, when the stimulus amount
reaches the threshold, the SN dynamically activates and propagates highly sensitive ex-
citatory synaptic activity to all associated MNs. Without sufficient stimulation, the SN
state degrades and produces zero output. In this study, the optimal parameter configura-
tion for the sensory mechanism is determined as 7,,, = 0.4, 7,5 = 0.1095, and p =2, re-
spectively. These sensory parameters are used in both the left and right segments of the
CPG network to ensure symmetrical modulation.

2.4. Task-Oriented TD3 Structure for Neuromotor Modulation

Given the nonlinear dynamics of the robot fish, the RL framework is designed as a
high-level cognitive decision-making layer governing the CPG network in the spinal cord.
The TD3 algorithm [29] is applied to effectively navigate the robot and operate in the con-
tinuous action control domain. The TD3 agent continuously evaluates environmental
feedback to generate descending neural commands adapted for target search, obstacle
avoidance, and station keeping against the current disturbances. The CPG network pro-
vides stable and rhythmic outputs using these modulatory signals. Therefore, the hierar-
chical architecture integrates high-level neuromotor modulation with CPG-based locomo-
tion, enabling efficient and task-oriented control. In this learning problem, each locomo-
tion task is modeled as an MDP:

MO = (S(j)’A(j)’fp(j)'r(j)'y)' j€e{1,2,3} (22)

where j defines the related tasks of the robotic fish. The parameters S, A, P, r, and y €
(0,1) are the task-dependent state space, action space, transition probability induced by

the nonlinear fish dynamics and CPG modulation, immediate reward, and discount fac-

0))]

tor, respectively. For each task, a deterministic policy m;~ with parameters @ is opti-

mized to maximize the expected discounted return as:

(J) [ (1)

(23)

where k is the control step. The RL layer prov1des a set of instructions that direct and
regulate the oscillation regime. For the first two tasks, the action is scalar, and sensory
modulation sends a neural command that is converted to 4. The task set can be given as:

a"? € [-1,1] (24)

(3) € [ Ay i af’k € [_1, 1] (25)

ar, k]
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Here, a,) controls the turning bias and as, modulates the oscillation frequency of
the CPG. Therefore, the RL policy remains low-dimensional, whereas the rhythmic loco-
motor pattern is generated by the CPG dynamics. For the target search and obstacle avoid-
ance, the policy is mapped to the bias through a rate-limited update as:

A = Sat(lmaxak'lk—l = AMmax A1 + AAmax) (26)

Here, Ayax is the task-specific maximum external stimulus. This formulation allows
for smoother turning transitions by preventing sudden changes. The same structure is
maintained in obstacle avoidance, and the turning authority is expanded to accommodate
more aggressive maneuvers. For station keeping, the two actions are mapped as:

Ak = Y(Amaxtanh(az i), A1, AMmax) (27)

Kkx = 1+ krtanh(as ) (28)

where k; is the instantaneous frequency gain, and k; is the modulation coefficient. The
frequency gain is then passed to the CPG for scaling of the intrinsic time constants as
follows:

To Tres,0 _ Trec,0

T = — T = — T k=
k Kk, res,k Ky i rec, Ky

(29)

where 7y, Tyes50, and T, are the nominal oscillator, response, and recovery time con-
stants, respectively. Therefore, the agent can simultaneously regulate heading through 4,
and propulsion intensity through kj, which is essential for maintaining position against
a current. For the target search, the observation vector can be constructed as:

S;ED =[ux vk T cos(Pi) sin(y) cos(eyr) sin(eyr) di Fe Ax Veairk Ak—l]T (30)
Here, ey, dy, fr, and A, are the heading error, Euclidean distance to the target,
predicted tail frequency, and oscillation amplitude, respectively. Y4, is the filtered lat-
eral tail speed. By combining these observations, the policy ensures that navigation is
aligned with the current oscillation regime. For target reaching with obstacle avoidance,
any obstacle is detected with the sensor beam information, and the state vector can be
given by:

S]EZ)=[S;E1)T b; dmin,k ALR,k Cos(eobs,k) Sin(eobs,k) &min,k]T (31)

Here, bje[0,1]V? is the normalized sensor output, and N, is the sensor beam. dyi, «
is the minimum clearance to obstacle surfaces, and Ay is the left and right beam asym-
metry. eopsx, and dping also represent the minimum distance to the obstacle surfaces
and the normalized clearance with respect to the sensing range. This representation allows
the policy to provide a balance between achieving the goal and the margin of safety at the
same decision-making stage. In station keeping, the observation vector is the same as in
Equation (30). The policy deduces the presence and effect of current from motion, distance
error, body speeds, and the dynamics of the CPG network. Accordingly, the observation
vector used for target reaching and station keeping has 12 dimensions. For obstacle avoid-
ance, the 11 range-beam measurements and four obstacle-related geometric variables are
added to the same base observation structure. Therefore, the obstacle avoidance observa-
tion vector has 27 dimensions in total. Reward functions are structured to reflect the dif-
ferent behavioral goals of tasks. For the target search, the reward function can be given as
follows:

=wy(dg_q — di) + wy cos(ewyk) + Wy Vp e — WV — W2 — Wi — waa (AA)? — Wi, — we + RgE(dk < rjg) (32)

Here, while the positive w are the related reward weights, negatives are the penalty
weights. vp ) is the world frame swimming speed and R, is the goal reward. T(*) is also
the indicator function. Furthermore, if there is no significant progress within the specified
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time frame, early termination is triggered, preventing the robot from swimming away
from the target area. The obstacle avoidance reward extends Equation (32) by adding ex-
plicit safety and free-space terms as:

rk(Z) = rk(l) + Wf Cos(efree,k) — Wy max(cos(eobs,k: 0)) Pr — Wnllk + W(:Adr-'r-ﬂn,k + chE(Ck) + Rcoll]r(dmin,k < dcoll) (33)

where efree, Px, and 7y are the heading error relative to a composite free-space direc-
+,

tion, the proximity factor, and the normalized near-obstacle penalty, respectively. Ad . .

and d,; are also rewards, clearance recovery, and the collision threshold. The composite
free-space direction is calculated from the target vector and the repulsive field generated
by environmental obstacles as follows:

A N, Pk — Ci
gk + ﬁ Z'=01 2
T delr + &) llpy — il

" N — ¢
gk+‘82i=01 — pkz i

(A7 + &) llpe — <l
Here, gy, vx, ¢ dl-clff, and N, are the unit goal direction, fish position, center of the

dfree,k =

‘ (34)

obstacle, clearance to the obstacle surface, and number of obstacles, respectively. This re-
ward structure not only penalizes collision but also sustains target seeking behavior and
rewards avoidance behavior. In the station keeping strategy, the reward prioritizes main-
taining a fixed position around the starting point rather than completing the entire route.
This reward can be expressed as:

3) _ ., Sk SK SK SK,,2 SK.,.2 SK 1,2 SK
e = = Wapp (-1 — di) — wgisedy + Wy ]T(dk = 7fq) Wy U = Wr T — We Yiqink — Wi (35)

where dj, represents the distance to the station keeping point. The variables wzx, war;,

wiK, wik, wsK, wiK, and w7 are the weights of the approach reward, distance penalty,
stay region reward, speed penalty, yaw rate penalty, tail motion energy penalty, and time
penalty, respectively. Unlike previous tasks, the terminal objective reward is not required.
Instead, the agent is encouraged to remain within a small, unchanging area centered at
the origin. The TD3 algorithm is adopted to solve these continuous action control prob-
lems. The policy network 7y and the two critic networks Q, and Qg, are implemented
as fully coupled multilayer perceptrons containing two hidden layers of 128 neurons and
ReLU activation, along with a tanh output layer in the actor. The critics predict the action
value with the Q-learning, while the target policy correction adjusts the bootstrapped tar-
get. The TD3 target is given by:

Ve =TtV ilg{llirzl}QQi(sk+1:ﬁ(_D(sk+l) +€) (36)

where 75 and Qg, are the target networks, and ¢, is the Gaussian smoothing noise.
Then, the critic parameters can be updated by:

L6) =5 Y (Qo,(w ) ~ 1) @7)
n=1

The actor is optimized through the deterministic policy gradient as:

N
1
Vol (@) % 7 VaQo, (50D | azng(sn Voo (51) (38)
n=1

Since the control variables are continuous and low-dimensional, the combination of
twin critics provides a stable optimization mechanism. Overall, the proposed RL ap-
proach provides task-dependent modulation on the neuromechanical structure. There-
fore, the TD3 policy specifies how descending commands should be adapted online to
ensure target reaching, safe obstacle avoidance, and station keeping. The controller main-
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tains interpretability at the action level while preserving the adaptability of deep rein-
forcement learning. The details of the reward function coefficients used in the DRL train-
ing process are given in Table Al.

2.5. Framework of the Control Approach

The designed approach combines a sensory-feedback CPG network and a deep rein-
forcement-learning layer within a hierarchical, task-adaptive architecture. The main pur-
pose of the structure is to enable autonomous adaptation of the robotic fish during target
reaching, obstacle avoidance, and position maintenance. While the CPG network pro-
duces stable oscillatory motor patterns, the TD3 policy serves as a high-level neuromotor
decision module that regulates oscillatory swimming based on the current task and envi-
ronmental information. The closed loop control framework can be summarized as:

Xp, =FI (x,{, né (Hj(x,i,Ek)),Ek ) (39)

Here, x,]( is the task-dependent closed loop state, H J(-) is the observation generation

operator, né(-) is the task-specific TD3 policy, Ej is the environmental state, and F/(-)
is the overall transition generated by the sensory modulation, CPG response, and fish
dynamics. Figure 3 shows the overall framework of the proposed control architecture.

Planar Robotic Fish
Rewards DRL Controller Based on TD3 Agent CPG Network Dynamics and Environment
s N s N s N s N
» Target Reward  » Obstacle Reward R

Caudal
Fin

Input Layer ~Hidden Layer
» Flow Reward » Penalty ’
Output Layer

[r,f” r,fZ) rkm] 6, |Link1
. J >
I Observation States 6, |Link 2
( N
» Position (x. y.y) » Current Features S,
» Speed (1. v.r) » CPG States
» Target Position and Region
» Obstacle Position and Region
N\ J - ~ Head
e
o
N e A
Output Performance .
& Tasks: FJ ()
Evaluation State Transition:
\ \
Task-Dependent Action T (x(t), 0, 65 E)
a y A 1 )
Tasks and Environments Setting Parameters
» Task 1: Target-Reaching " - - Target
pr (@) Target ~ Obstacle /g, 5
» Task 2: Obstacle Avoidance for Target-Reaching = - B P

» Task 3: Station-Keeping under Current Disturbances - J

Figure 3. Overall framework of the control approach.

At each control step, the robotic fish extracts task-related information from the envi-
ronment and motion patterns. These inputs include target orientation, body velocities, di-
rectional information, obstacle-related geometric information, and rhythmic variables de-
rived from the CPG response. The observation is then processed by the TD3 agent. In the
target reaching and obstacle avoidance tasks, the learned command regulates the g pa-
rameter for turning. In station keeping, the learned controller also adjusts the oscillation
frequency, enabling simultaneous regulation of direction and thrust intensity under cur-
rent disturbance. Therefore, the CPG network can translate high-level decisions into
smooth and continuous tail oscillations. This structure provides three main advantages.
Firstly, the control approach is designed in two stages to maintain interpretability as a
decision-making and oscillatory swimming pattern generator. Secondly, the CPG network
ensures continuous oscillatory motion when the high-level command changes rapidly in
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dynamic situations. Lastly, this approach reduces learning complexity by preventing the
DRL agent from directly controlling the nonlinear joint structure. With this integration,
the robotic fish swims with an adaptive control structure that enables goal-oriented mo-
tion, safe obstacle avoidance, and current-resistant positioning.

3. Results

This section presents the simulation details of the proposed DRL-based policy, in-
cluding the simulation setup, comparisons, and performance analyses. The simulations
are carried out in the MATLAB R2023b environment on a workstation equipped with an
Intel Core i9-14900HX CPU, 32 GB RAM, and an NVIDIA GeForce RTX 4080 GPU. The
CPG-based two-joint robotic fish model is used with link lengths L; = 0.12 m and L, =
0.10. The body length of the robot L, is defined as 0.14 m and the caudal fin is defined
together with L,. The proposed TD3—-CPG controller uses a deterministic actor and twin
critics. The actor network consists of two fully connected hidden layers with 128 neurons,
followed by ReLU activations and a tanh output layer. Each critic utilizes two fully con-
nected hidden layers with 128 neurons and ReLU activations, followed by a scalar Q-value
output layer. The mini-batch size, discount factor, and target smoothing factor are set to
256, 0.99, and 5 x 1073, respectively. The actor and critic learning rates are selected as 3 x
10, and Gaussian target policy smoothing and exploration noise are applied during train-
ing.

All DRL agents are trained with a fixed random seed and a maximum training budget
of 1000 episodes. The approximate training times are 363 min for TD3—-CPG, 430 min for
DDPG-CPG, 35 min for PPO-CPG, and 392 min for TD3 without CPG. The proportional
(Kp), integral (Ki), and derivative (Kd) gains are selected using a grid search and set to Kp
=1.65, Ki = 0.07, and Kd = 0.25. The selected controller is also evaluated under the same
test protocol. The simulations are divided into three challenging tasks. While task 1 in-
volves target reaching in an obstacle-free environment, task 2 involves obstacle avoidance
and reaching the target point. Task 3 performs station keeping under various current dis-
turbances.

3.1. General Comparison and Evaluation for Target-Reaching Task

The proposed TD3-CPG model is compared in detail with DDPG-CPG, PPO-CPG,
PID-CPG, and TD3 without CPG for the target-reaching task. The CPG-based DRL mod-
els use the same robotic fish dynamics, CPG structure, observation variables, action limits,
and evaluation conditions. The comparisons of TD3-CPG, DDPG-CPG, and PPO-CPG
present the effect of the DRL algorithm used for high-level CPG modulation. In addition,
PID-CPG is included as a conventional control method, while only TD3 evaluation is
given to show the effect of the CPG network. Figure 4 shows the training processes of the
DRL-based models.

A comprehensive target-reaching benchmark is designed for the comparisons. As
shown in Table 1, the evaluations include 100 target locations distributed across five di-
rectional ranges relative to the initial heading of the robot. The target set contains 50 front-
side, 30 near-rear, and 20 deep-rear targets. While the front-side targets represent forward
and lateral target-reaching cases, the near-rear and deep-rear targets require larger orien-
tation maneuvers to the target. Therefore, the evaluations present the ability of each con-
troller to handle difficult direction changes. Figure 5 shows the target distribution used
for all evaluated methods. The fixed start position of the robotic fish is (0,0) and in the
positive x-direction. Table 1 shows the target distribution, and the target distance is se-
lected between 4.5 m and 6.5 m, and the target radius is set to 0.15 m. Each method is
evaluated in 100 episodes, and the maximum episode duration is 30 s.
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Figure 4. Training processes of the DRL models in target-reaching task.

Table 1. Comprehensive benchmarking protocol for baseline models.

Target Direction Range Num. of Targets Description
Front side [-90°, +90°] 50 Forward swimming
Near rear right [-135°, =90°] 15 Right turning
Near rear left [+90°, +135°] 15 Left turning
Deep rear right [-165°, -135°] 10 Right backward swimming
Deep rear left [+135°, +165°] 10 Left backward swimming
Total — 100 —
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Figure 5. Target distribution.

Table 2 presents the overall comparison results of the controllers for 100 evaluation
episodes. The proposed TD3-CPG model achieves the highest success rate with 100 suc-
cessful trials out of 100 episodes. The Wilson 95% confidence interval (CI) is [96.30%,
100.00%], and the performance remains statistically reliable. DDPG-CPG reaches 94.0%
success with a Wilson interval of [87.52%, 97.22%], while PPO-CPG achieves 77.0% suc-
cess with a wider CI of [67.85%, 84.16%]. The PID-CPG baseline reaches 89.0% success,
and only TD3 reaches 93.0% success. These results show that all methods can produce
target-oriented motion, but TD3-CPG provides the most reliable convergence. TD3-CPG
reaches the target with a mean arrival time of 14.756 + 2.633 s. This value is lower than the
DDPG-CPG result of 15.570 + 3.860 s and remains comparable to PPO-CPG and PID-
CPG. In terms of path efficiency, TD3-CPG gives a path stretch of 1.139 + 0.197, while
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DDPG-CPG gives 1.212 + 0.318. This indicates that TD3—-CPG generates more compact
trajectories than DDPG-CPG under the same targets. PPO-CPG has a similar average
path stretch to TD3-CPG, but the lower success rate shows that this efficiency is not main-
tained for all target directions. The energy proxy of TD3—CPG is 1.325 + 0.237 m?/s, which
is lower than DDPG-CPG, PPO-CPG, and PID-CPG.

The TD3 without CPG method gives a lower path stretch and energy proxy. How-
ever, this controller directly generates joint commands without the CPG network. Alt-
hough only TD3 achieves a relatively high target-reaching success rate of 93.0%, the joint-
level locomotion shows that this success is not obtained with a biomimetic swimming
pattern. Figure 6 presents the tail link angles of the best episode generated with only TD3.
The second link remains close to its angular limit for most of the motion, with a saturation
ratio of 92.918 + 6.716%. The sine-fit coefficients are also very low for both joints, with R?
=0.016 + 0.016 for 61 and R?=0.001 + 0.001 for O2. As a result, the biomimetic joint-motion
rate remains 0.0% despite the high target-reaching success rate. These results show that
the TD3 approach without a CPG network can reach the target, but it does not provide
the biomimetic swimming patterns. Therefore, the CPG network can effectively generate
the rhythmic and applicable swimming patterns for the tail links. When all results are
examined, the TD3—-CPG provides the most robust target-reaching performance among
the compared controllers. While DDPG-CPG achieves a high success rate, this model
gives larger arrival time, path stretch, and energy proxy. The PPO-CPG also shows good
performance in some successful trials, but it has a lower success rate. PID-CPG has a lower
success rate than TD3-CPG. To further analyze the controller performances, target-wise
evaluation results are given in Table 3.

Table 2. Controller comparison results for target reaching over 100 evaluation episodes.

Method Success Rate (%) Wilson 95% CI  Arrival Time (s)  Path Stretch Energy Proxy (m?/s)

TD3-CPG 100.0 [96.30, 100.00] 14.756 +2.633 1.139 +0.197 1.325 +0.237
DDPG-CPG 94.0 [87.52, 97.22] 15.570 + 3.860 1.212 +0.318 1.479 +0.467
PPO-CPG 77.0 [67.85, 84.16] 14.752 + 3.270 1.140 £ 0.236 1.653 +0.649
PID-CPG 89.0 [81.37, 93.75] 14.799 +2.159 1.126 +0.130 1.480 +0.469
TD3 93.0 [86.25, 96.57] 16.441 +2.206 1.031 +0.036 0.863 +0.109
30 T T T
20 f :
—~ 10 .
2 © ’
< _10 J
201 —0, —,
_30 1 1 1 1 1
0 2 4 6 8 10 12
Time (s)

Figure 6. Tail link angles of the best episode generated with only TD3.

According to Table 3, the proposed TD3-CPG model effectively reaches all target
types. The arrival time increases from the front-side targets to the deep-rear targets. The
mean arrival time is 13.087 + 1.391 s for front-side targets, while it increases to 18.324 +
2.151 s and 19.056 + 1.734 s for the deep rear right and deep rear left targets, respectively.
DDPG-CPG performs successfully in most target sections. While it reaches all front-side,
near-rear, and deep rear left targets, its performance drops for deep rear right targets, with
only 4 out of 10 targets. This result shows that DDPG-CPG has a directional weakness
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under rear-side target conditions. In addition, arrival times in rear sections are generally
longer than TD3—-CPG. For example, the average arrival time for deep rear left targets is
22.495 + 3.060 s for DDPG-CPG, while TD3-CPG reaches the same targets in 19.056 +1.734
s. PPO-CPG also gives high performance in the front-side and near rear right targets, but
the success rate decreases in the other rear target groups. It reaches 9 out of 15 near rear
left targets, 4 out of 10 deep rear right targets, and none of the deep rear left targets. These
results show that PPO-CPG is less stable when the target requires a large orientation ma-
neuver.

Table 3. Target-wise evaluation results of the controllers.

Method Target Success Success Rate (%) Wilson 95% CI Arrival Time (s)
Front side 50/50 100.0 [92.87,100.00] 13.087 +1.391
Near rear right 15/15 100.0 [79.61,100.00] 14.378 +£1.299
TD3-CPG Near rear left  15/15 100.0 [79.61,100.00] 15.455+1.651
Deep rear right 10/10 100.0 [72.25,100.00] 18.324 +2.151
Deep rear left  10/10 100.0 [72.25,100.00] 19.056 +1.734
Front side 50/50 100.0 [92.87,100.00] 13.255+1.430
Near rear right 15/15 100.0 [79.61,100.00] 15.417 +1.840
DDPG-CPG Near rear left  15/15 100.0 [79.61, 100.00] 16.593 + 2.360
Deep rear right  4/10 40.0 [16.82, 68.73]  23.940 + 3.258
Deep rear left  10/10 100.0 [72.25,100.00] 22.495 + 3.060
Front side 49/50 98.0 [89.51,99.65] 13.224 +1.429
Near rear right  15/15 100.0 [79.61,100.00] 15.255 +1.373
PPO-CPG Near rear left  9/15 60.0 [35.75,80.18] 20.050 +4.998
Deep rear right  4/10 40.0 [16.82, 68.73]  19.665 +2.643
Deep rear left  0/10 0.0 [0.00, 27.75] Failed
Front side 50/50 100.0 [92.87,100.00] 13.401+1.418
Near rear right 13/15 86.7 [62.12,96.26] 15.599 +0.945
PID-CPG Near rear left  13/15 86.7 [62.12,96.26] 16.036+1.184
Deep rear right  6/10 60.0 [31.27,83.18] 18.293 +1.323
Deep rear left ~ 7/10 70.0 [39.68,89.22] 18.011 +0.795
Front side 50/50 100.0 [92.87,100.00] 14.980 +1.519
Near rear right  15/15 100.0 [79.61, 100.00] 17.434 +1.400
TD3 Near rear left  15/15 100.0 [79.61,100.00] 17.896 +1.739
Deep rear right  7/10 70.0 [39.68, 89.22]  19.056 +0.785
Deep rear left  6/10 60.0 [31.27,83.18] 19.443 +1.072

For the PID-CPG control method, it reaches all front-side targets and provides ac-
ceptable performance in near-rear directions. However, its success rate decreases for
deep-rear targets, reaching 6 out of 10 deep rear right targets and 7 out of 10 deep rear left
targets. TD3 without the CPG model also achieves high success in front-side and near-
rear targets, reaching all targets in these regions. However, its success rate decreases to
70.0% for deep rear right targets and 60.0% for deep rear left targets. Although TD3 with-
out CPG can learn target-reaching behavior, removing the CPG network reduces the reli-
ability of the swimming patterns. Based on the distribution of targets, the main advantage
of TD3—-CPG appears in the rear target directions. While all methods are effective in the
front-side workspace, DDPG-CPG, PPO-CPG, PID-CPG, and TD3 show performance
degradation in more difficult rear-side targets.

To analyze the performance differences, Table 4 compares the paired success and
performance results of the proposed TD3-CPG controller against the baseline controllers.
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Compared with DDPG-CPG, TD3—CPG succeeds in all episodes, while DDPG-CPG suc-
ceeds in 94 episodes. The remaining episodes are completed only by TD3-CPG. The
McNemar p-value is 0.0412 at the 5% level. In addition, TD3—-CPG succeeds in 23 target
sections where PPO-CPG fails, achieving a success rate difference of 23.0%, with a
McNemar p-value of 4.49 x 10-¢. TD3—-CPG also provides higher success than PID-CPG
and TD3 without CPG, with success rate differences of 11.0% and 7.0%, respectively. Table
4 also presents the paired differences in the performance metrics. These differences are
calculated only for the episodes where both methods successfully reach the target. Com-
pared with DDPG-CPG, TD3-CPG reaches the target 1.118 s faster on average, and the
bootstrap 95% Cl remains [-1.517, —0.776]. TD3—-CPG also gives lower path stretch, shorter
path length, and lower energy proxy. A similar trend is observed in the comparison with
PPO-CPG. TD3-CPG reduces the arrival time by 0.909 s on average, and the bootstrap
95% Cl is [-1.374, —0.534]. The path stretch, path length, and energy proxy differences are
also negative, indicating that TD3—-CPG produces more efficient trajectories than PPO-
CPG in the paired successful trials.

Table 4. Paired success and performance differences between TD3-CPG and baseline models.

Method McNemar p-Value Metric Mean Difference Bootstrap 95% CI
Arrival time (s) -1.118 [-1.517, -0.776]
Path stretch -0.095 [-0.131, -0.065]
DDPG-CPG 0.0412
Path length (m) -0.523 [-0.709, -0.363]
Energy proxy (m?/s) -0.102 [-0.139, -0.070]
Arrival time (s) -0.909 [-1.374, -0.534]
Path stretch -0.078 [-0.117, -0.047]
PPO-CPG 4.49 x 106
g Path length (m) ~0.439 [<0.663, —0.260]
Energy proxy (m?¥/s) -0.086 [-0.129, -0.051]
Arrival time (s) -0.173 [-0.326, 0.000]
Path stretch -0.018 [-0.031, -0.004]
PID-CPG 0.0026
Path length (m) -0.095 [-0.167, -0.013]
Energy proxy (m?/s) -0.016 [-0.030, 0.001]
Arrival time (s) -2.113 [-2.245, -1.973]
Path stretch 0.086 [0.055, 0.120]
TD3 0.0233
Path length (m) 0.449 [0.291, 0.623]
Energy proxy (m?/s) 0.427 [0.387, 0.470]

Compared with PID-CPG, TD3-CPG provides a higher success rate and slightly
lower performance metrics in the paired successful episodes. The path stretch and path
length differences are negative, which indicates more compact target-reaching trajecto-
ries. The arrival time and energy proxy differences are small, but the success comparison
shows that the learned TD3—-CPG modulation is more reliable than the PID under target
directions. TD3 also reaches many targets. However, the TD3—CPG reaches the common
successful targets 2.113 s faster on average than TD3 without CPG. On the other hand,
TD3 gives lower path stretch, path length, and energy proxy values in some paired trials.
TD3 also uses high-frequency, saturated, and non-sinusoidal joint motions. Therefore, the
CPG component is important not only for target-reaching success but also for preserving
rhythmic swimming kinematics.

According to the comparative results, TD3-CPG provides the most reliable and ef-
fective control performance among all methods. It achieves complete success in the target-
reaching benchmark, maintains directional robustness in all targets, and preserves rhyth-
mic CPG-based swimming. Therefore, TD3-CPG is selected as the control structure for
the following task evaluations.
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3.2. Task 1: Target Reaching Results

In task 1, the target-reaching behavior of the designed TD3-CPG model is further
examined in terms of trajectory formation, convergence behavior, and locomotor re-
sponse. Therefore, representative trajectories are used to evaluate the behavior of the ro-
botic fish during the task. In Figure 7, 20 episodes are randomly selected, and these epi-
sodes include front side, near rear, and deep rear target directions. In this evaluation, all
trajectories reach the target region. These targets cover a distance range of 4.52-6.47 m and
a direction range from -145.19° to +151.63°. The mean arrival time is 14.525 +2.118 s, and
the mean path stretch is 1.135 + 0.180. The TD3—CPG produces smooth and target-oriented
trajectories for different targets. For front-side targets, the robotic fish generally follows
compact paths with limited lateral deviation. These trajectories are almost aligned with
the target direction and represent the forward swimming. For near rear and deep rear
targets, the robotic fish generates a curved orientation motion and then swims to the target
region. These results show that the TD3 policy effectively modulates the A, and the CPG
network maintains rhythmic undulatory motion during both turning and forward swim-
ming phases. Although the rear target trajectories are longer and more curved than the
front side trajectories, the robotic fish reaches the target without unstable oscillations.
Therefore, the designed model can maintain stable locomotion while adapting the swim-
ming direction according to the target location.

6 T T T

® Start
® Finish

x  Target center
----- Target region
Front side

Near rear right
Near rear left
Deep rear right
— Deep rear left
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Figure 7. Robotic fish trajectories for target reaching over 20 evaluations. Different colors represent

the target locations.

To further clarify the behavioral structure of task 1, Figure 8 presents the representa-
tive target reaching episodes selected from the evaluations. These cases include the best,
the median, and rear direction successful episodes. In the best episode, the target is located
in front of the robot. The robotic fish reaches the target in 10.46 s with a path length of
4.382 m and a path stretch of 0.968. The trajectory is almost direct, and the distance of the
target response decreases smoothly. The median successful episode is achieved with the
near rear right target task. In this case, the robotic fish performs a curved orientation and
then swims to the target. The arrival time is 14.41 s, the path length is 6.181 m, and the
path stretch is 1.135. The challenging episode represents a deep rear left target, which
requires a larger orientation maneuver. The robotic fish reaches the target in 22.47 s with
a path length of 9.807 m and a path stretch of 1.599. The trajectory includes an initial wide
turning phase, followed by forward swimming to the target. Therefore, the representative
episodes show that the proposed controller adapts the trajectory according to the target
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direction. The TD3 policy can effectively modulate the CPG to generate both direct target
reaching and large orientation maneuvers.
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Figure 8. Representative TD3—CPG target reaching episodes and distance to target responses.

Figure 9 shows the CPG and kinematic responses for the most successful target reach-
ing episode. In this episode, the robotic fish reaches the target in 10.46 s with a smooth
trajectory. The A remains bounded during the motion. It first gives a negative value to
provide rapid swimming motion to the target direction and then oscillates around 0. The
CPG outputs (84,0,) preserve smooth and oscillatory behavior during the episode. The
joint angles remain within approximately +23°. The DRL policy modulates the CPG and
does not directly control the joint angles. Therefore, the rhythmic locomotion pattern is
maintained by the CPG structure while the TD3 policy adjusts the swimming direction.
The estimated oscillation frequency increases from 1 Hz to approximately 1.46 Hz during
the episode. Furthermore, the estimated amplitude reaches 0.09 m. The CPG generates a
faster oscillation pattern after the transient phase, and the robotic fish reaches stable swim-
ming while maintaining target-directed motion. The horizontal position of the robot in-
creases almost monotonically, while the vertical position changes to the negative direc-
tion. The swimming speed obtained is 0.47 m/s. The acceleration response is higher during
the initial turning and then decreases to 0. As a result, the TD3 policy provides effective
modulation through A, while the CPG network preserves stable oscillatory outputs. This
coordination enables smooth target-directed swimming with the rhythmic motion pat-
tern. To examine whether the trained TD3-CPG policy depends on the nominal initial
pose, a target-reaching evaluation is also conducted under randomized initial conditions.
The initial x and y coordinates are independently sampled from uniform distributions
over [-2, 2] m, while the initial heading is sampled over the [-180°, 180°] range. The target
is fixed at (5.5, 0) m, with a target radius of 0.15 m and a maximum episode duration of 30
s. A fixed target position is also selected as (5.5, 0.0) m. The same trained TD3—-CPG policy
is used in all trials without retraining or fine-tuning. Table 5 presents the randomized
initial-state robustness of the TD3—CPG controller.

According to Table 5, the proposed controller successfully reaches the target in 49 of
the 50 randomized trials, corresponding to a success rate of 98.0%. The Wilson 95% Cl is
[89.50%, 99.65%]. The lower confidence bound remains at 89.50%, indicating that the ob-
served high success rate is maintained after accounting for the finite number of evaluation
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trials. Across the 49 successful trials, the mean arrival time is 14.574 + 3.489 s, with a 95%
CI of [13.572, 15.576] s. The only unsuccessful trial starts from (-1.807, 1.990) m with an
initial heading of 160.86°, representing a challenging combination of large positional dis-
placement and a nearly opposite initial orientation. Therefore, these results indicate that
the TD3-CPG policy is not restricted to the nominal initial pose and maintains reliable
target-reaching behavior across a broad range of previously unseen initial conditions.
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Figure 9. Control and locomotor results of the robotic fish for the most successful episode. (a) Evo-
lution of the A. (b) CPG outputs, (c) estimated oscillation frequency and oscillation amplitude, (d)

position, (e) swimming speed, (f) acceleration.

Table 5. Randomized initial-state robustness of the TD3—CPG controller.

Metric Value
Number of trials 50

Initial x-position range [-2.0,2.0] m
Initial y-position range [-2.0,2.0] m

Initial heading range [-180°, 180°]

Target radius 0.15m
Maximum episode duration 30s

Successful trials 49/50

Success rate 98.0%

Wilson 95% CI [89.50%, 99.65%]

14.574 +3.489 s
[13.572, 15.576] s

Arrival time for successful trials
95% CI for mean arrival time

3.3. Task 2: Obstacle Avoidance in Target Reaching

To avoid obstacles in target reaching, the same dynamic model and TD3-CPG struc-
ture are used, but the swimming environment is transformed into an obstacle-constrained
navigation task. The episode duration and integration step are selected as 30 s and 0.01 s.
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The obstacle is designed as circular and with a radius from 0.25 to 0.50 m. In addition,
rectangular obstacles are used to analyze the robustness of the control structure. Obstacle
detection is performed with an 11-beam range configuration covering 180° with sensor
noise and a detection range of 4.0 m. Radial range measurements, minimum obstacle
clearance, left and right obstacle asymmetry, relative orientation of the nearest obstacle,
and normalized clearance information are added to the observation vector. The control
action is the A for orientation. Table 6 presents the quantitative performance results of the
proposed TD3-CPG controller for obstacle avoidance in target reaching.

Table 6. Quantitative performance results of the obstacle avoidance in target reaching over 100 eval-

uation episodes.

Metric All Episodes Wilson 95% Successful Episodes Failed Episodes
(N =100) CI (n=98) (n=2)
Success rate (%) 98.0 [93.00, 99.45] - -
Collision rate (%) 2.0 [0.55, 7.00] - -
Safe-pass rate (%) 98.0 [93.00, 99.45] - -
Arrival time (s) 13.884 £ 1.386 - 13.884 +1.386 -
Path stretch 1.077 +0.041 - 1.077 £ 0.041 -
Minimum clearance (m) 0.551 +0.204 - 0.562 +0.192 0.048
Average speed (m/s) 0.422 + 0.009 - 0.422 +0.008 0.395 £ 0.014
Energy proxy (m?/s) 2.397 £0.014 - 2.398 £ 0.013 2.357 £ 0.006
A 1.633 + 0.459 - 1.635 + 0.453 1.544 +1.002

According to Table 6, the proposed controller solves the obstacle avoidance and tar-
get-reaching problem with a high level of reliability. In 100 evaluation episodes, the ro-
botic fish achieves a success rate of 98.0%, with a Wilson 95% CI of [93.00%, 99.45%]. The
collision rate remains at 2.0%, with a CI of [0.55%, 7.00%]. The safe-pass rate is also 98.0%,
with the CI of [93.00%, 99.45%]. These values show that the controller can simultaneously
perform target convergence and collision-free navigation with statistically reliable perfor-
mance. The overlap between the success rate and the safe-pass rate shows that the con-
troller can overcome obstacles with a safe distance, rather than merely lightly touching
the obstacle boundaries. The temporal efficiency of successful trajectories remains high.
The average arrival time is 13.884 + 1.386 s, showing that obstacle avoidance introduces
only a moderate temporal cost while maintaining consistent convergence behavior. This
result is also supported by the path stretch. The controller gives an average path stretch
of 1.077 + 0.041 over all episodes and successful episodes. Therefore, the controller does
not avoid obstacles by producing unnecessarily long trajectories. Instead, it finds only the
necessary direct path to the target to maintain a safe distance. The obtained results show
robust performance, and the controller maintains both path economy and collision avoid-
ance within the same policy.

The clearance results also confirm the safety-related performance. The minimum
clearance is 0.551 + 0.204 m over all episodes and 0.562 + 0.192 m in successful episodes.
In contrast, the failed episodes have a minimum clearance of 0.048 m. The safety criterion
is reflected in the evaluation results. These values are significantly greater than the colli-
sion threshold, and it can be shown that successful navigation maintains a meaningful
spatial path around obstacles, rather than traversing narrow and unsafe margins. The av-
erage speed remains 0.422 + 0.009 m/s over all episodes and 0.422 + 0.008 m/s in successful
episodes. These values indicate that the controller avoids obstacles without producing
slow swimming behavior. The failed episodes have a lower average speed of 0.395 + 0.014
m/s, suggesting that these cases are related to insufficient geometric avoidance. A similar
result is observed in the energy proxy. The energy proxy is 2.397 + 0.014 m?/s over all
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episodes and 2.398 + 0.013 m?/s in successful episodes, while it decreases to 2.357 + 0.006
m?/s in failed episodes. The mean A is 1.633 + 0.459 over all episodes and 1.635 + 0.453 in
successful episodes. Compared to task 1, this increased orientation requires continuous
orientation to target tracking to ensure obstacle avoidance. In the failed episodes, the
mean A is 1.544 + 1.002. The collision results indicate that the controller applies a signifi-
cant orientation effort but cannot convert it into a collision-free maneuver. According to
the obtained results, task 2 achieves a highly favorable balance between target-reaching
performance, collision avoidance, and trajectory efficiency. The controller maintains a
nearly safe path stretch of 1.077 + 0.041 in successful trials while maintaining a 98.0% suc-
cess rate. The proposed architecture produces integrated motion behavior where safety
constraints are integrated with only limited temporal and geometric costs.

Figure 10 presents the obstacle avoidance behavior of the TD3—CPG controller for
task 2. The obtained results include three representative episodes: the most successful, the
median successful, and the collision episodes, respectively. The top row shows the robot
trajectories, the middle row gives the minimum obstacle clearance (d,,;,), and the bottom
row presents the temporal evolution of the A. In this figure, the geometric efficiency, safety
preservation, and orientation characteristics of the proposed controller in successful and
failed obstacle avoidance scenarios are detailed.
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Figure 10. Obstacle avoidance performance for task 2.

In the most successful episode, the robotic fish follows a compact trajectory and
passes the circular obstacle with limited lateral deviation before reaching the target. The
clearance decreases during the approach to the obstacle, remains above the safety margin,
and then increases after the obstacle is passed. This behavior shows that the controller can
preserve a safe distance without an unnecessary path. In the median successful episode,
the trajectory is longer and includes a wider avoidance maneuver. However, the mini-
mum clearance also remains above the collision margin, and the robotic fish reaches the
target. The corresponding Wilson 95% for the success and safe-pass rates is [93.00%,
99.45%]. The clearance results also show the safety performance of the controller. In suc-
cessful episodes, the minimum clearance is 0.562 + 0.192 m, which indicates that the robot
generally maintains a meaningful spatial margin around obstacles. In contrast, the colli-
sion episode shows a decrease, and the clearance falls below the collision margin. The
failed episodes have a minimum clearance of 0.048 m. A represents how the TD3 policy
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modulates the CPG during obstacle avoidance. In successful episodes, A changes before
the nearest obstacle interaction, allowing the robot to swim toward the target. The most
successful episode uses a high modulation response, while in the collision, the A command
also changes, but sufficient maneuverability cannot be produced. Therefore, failures de-
pend on both the magnitude of the A and the rapid modulation response. The TD3-CPG
can integrate obstacle avoidance and target-reaching behavior within the same CPG mod-
ulation policy. These results show that the controller is effective in generating efficient
paths during obstacle-constrained tasks with high reliability and a low collision rate.
Figure 11 presents the statistical distributions of obstacle avoidance performance in
the target-reaching task. The histograms summarize the path length, path stretch, arrival
time, mean A, and minimum obstacle clearance over 100 evaluation episodes. The episode
distribution is also given to show the number of successful and collision cases. The path
length distribution is generally concentrated between 5.0 m and 7.0 m, allowing the ro-
botic fish to avoid obstacles without generating long trajectories. Path stretch values are
mainly distributed between 1.03 and 1.10. Therefore, the proposed controller maintains
geometric efficiency while sufficiently modifying the trajectory to avoid obstacles.
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Figure 11. Statistical distributions of obstacle avoidance performance in task 2.

The arrival time distribution shows that most successful episodes are completed be-
tween approximately 12 s and 16 s. Therefore, obstacle avoidance can occur without sig-
nificant delays in reaching the target. According to the mean A distribution, different lev-
els of CPG modulation can be achieved depending on the obstacle geometry and target
orientation, and the mean A value is 1.633 + 0.459 in all episodes. Considering the mini-
mum clearance, it is clear that the controller ensures safe behavior, and a few trajectories
are close to the collision boundary. The mean minimum clearance of successful episodes
is 0.562 + 0.192 m, while the clearance of failed cases is much smaller at 0.048 m. This
difference indicates that successful navigation maintains a significant safety margin
around the obstacles. The robotic fish effectively performs 98 out of 100 episodes, with
only two episodes resulting in a collision.
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Table 7 presents the scenario-wise quantitative performance of the controller in rec-
tangular obstacle configurations. Each scenario is evaluated over 12 trials. The task suc-
cess, collision frequency, temporal convergence statistics, path efficiency, and minimum
clearance levels under different obstacle geometries are evaluated. Figure 12 also shows
the episode visualizations with multiple rectangular obstacles. According to Table 7, eight
scenarios and a total of 96 trials are performed with 88 successful operations, achieving
an overall success rate of 91.7%. The total number of collision cases is limited to seven,
corresponding to a collision rate of 7.3%. These values show that the controller generally
preserves target-directed motion even in challenging geometries, and the failure cases re-
main around obstacle interaction rather than full navigation disruption. The success rates
of the scenarios are obtained between 83.3% and 100.0%. Specifically, scenarios 3 and 5
achieve 12/12 success with no collisions, showing the reliability of the controller in the
rectangular multiple obstacles. The most challenging scenarios are scenarios 1 and 6, each
with 10/12 success and 2/12 collisions. However, the controller maintains a successful op-
eration rate in these obstacle configurations. When the arrival time results are analyzed,
Treacnso changes between 14.01 s and 15.63 s, while the median value achieved is 14.80 s.
Similarly, Tyeqcno0 changes between 16.09 s and 17.26 s, with a general scenario average
of 16.67 s. The obstacle avoidance introduces only a limited temporal overhead. Therefore,
the controller determines efficient motion patterns, and it completes the task within a suit-
able and sufficient range. Path efficiency values are also favorable. Scenario-based path
stretch remains in the range of 1.11-1.20, with a median value of 1.15 across all scenarios.
This is a limited value, and the controller efficiently generates the necessary orientation
for a safe pass. When examining the minimum clearance values, these values change be-
tween 0.237 m and 0.358 m, with a median value of 0.299 m. For scenario 7, there is also
one timeout failure. These values indicate that the robotic fish generally passes obstacles
with a proper buffer. In addition, the best-performing scenarios do not include the largest
minimum clearance. For example, scenario 3 achieves 100% success and a 0% collision rate
with a minimum clearance of 0.237 m, producing a highly satisfactory value for the con-
troller. Therefore, the controller can efficiently utilize the available space while maintain-
ing a safe pass. As a result, the proposed controller can effectively overcome multiple rec-
tangular obstacles with a low collision frequency, stable convergence times, limited path
elongation, and significant distance preservation. Furthermore, integrated motion behav-
ior is achieved with safe-pass and target convergence within the same control policy.

Table 7. Scenario-wise quantitative performance in rectangular obstacle configurations.

Scenario  Geometry (s1, 52, gap, w, ) Success Collision Treach50  Treachoo Min. Clearance
e (%) (%) (s) (s) (m)
1 (0.50, 0.60, 0.70, 0.30, 1.60) 10/12: 83.3% 2/12:16.7% 14.15 16.09 0.358
2 (0.50, 0.65, 0.70, 0.30, 1.60) 11/12: 91.7% 1/12: 8.3% 14.68 16.49 0.336
3 (0.50, 0.60, 0.90, 0.30, 1.60) 12/12: 100.0% 0/12: 0.0% 15.63 16.36 0.237
4 (0.50, 0.65, 0.90, 0.30, 1.60) 11/12: 91.7% 1/12: 8.3% 14.01 16.96 0.343
5 (0.60, 0.70, 0.70, 0.30, 1.60) 12/12: 100.0% 0/12: 0.0% 15.04 17.26 0.291
6 (0.60, 0.75, 0.70, 0.30, 1.60) 10/12: 83.3% 2/12:16.7% 14.89 16.98 0.301
7 (0.60, 0.70, 0.90, 0.30, 1.60) 11/12: 91.7% 0/12: 0.0% 14.87 16.69 0.297
8 (0.60, 0.75, 0.90, 0.30, 1.60) 11/12: 91.7% 1/12: 8.3% 15.10 16.54 0.284

For these results, the overall success rate is (88/96 = 91.7%), with a Wilson 95% CI of
[84.41%, 95.72%]. The overall collision rate is (7/96 = 7.3%), with a Wilson 95% CI of [3.58%,
14.29%]. One additional trial corresponds to a non-collision failure/timeout, giving a rate
of (1/96 = 1.0%), with a Wilson 95% CI of [0.18%, 5.67%]. To examine performance as a
function of task difficulty, the rectangular obstacle scenarios are also grouped according
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to the gap width. For the narrower gap condition, the success rate is (43/48 = 89.6%), and
the collision rate is (5/48 = 10.4%). For the wider gap condition, the success rate is (45/48 =
93.8%), and the collision rate is (2/48 = 4.2%). These results indicate that narrower areas
exhibit a higher observed collision rate, while the controller still maintains a high overall

success rate.
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Figure 12. Multi-episode visualization with multiple rectangular obstacles for scenario 6.

10 out of 12 episodes are successful, while collisions occurred in two episodes. These re-
sults demonstrate that the controller generates adaptable trajectories for various obstacle
locations. For multiple and large obstacles, the controller generally generates the correct
geometric avoidance actions. From a motion perspective, the orientation actions are struc-
tured, repeatable, and target-oriented. Therefore, it can be seen that the controller can ef-

y (m)

y (m)

UEpisode 02 —SUCCESS
-1
2
3

0

1 2 3
x (m)
Episode 06 — SUCCESS

W

X (m)
Episode 10 — SUCCESS

[©
5
4
3
2
1
O
-0

X (m)

(m)

y

05
—~ 0
Eoos
>

a5

Episode 03 — SUCCESS

L

4 B
x (m}

Episode 07 — COLLISION

2 0

-4 2 0
x(m)

Episode 11 — SUCCESS

4

{1l

y (m)

)

0 2
x (m)

Episode 04 — SUCCESS

y (m}

X (m)

Epii(())de 12 — SUCCESS

-1

y (m)

x (m)

In Figure 12, the green trajectories define the successful target reaching, while red
trajectories denote collision cases. The gray bars represent the obstacles. In this scenario,

ficiently overcome obstacles for single and multiple obstacles.

3.4. Task 3: Station Keeping Under Current Disturbances

and gust. The constant current type represents a continuous and spatially homogeneous
disturbance with fixed magnitude and direction, while the gust current represents a tran-
sient pulse-like current disturbance. The current disturbance parameters for the station
keeping evaluations are given in Table 8. Here, the current speed range, direction offset,
and temporal profile of currents are detailed. In the constant current, the disturbance acts
during the whole episode, and the current speed is randomly selected between 0.25 m/s

The main objective of Task 3 is to ensure the robotic fish remains within a target-
centered area under external current disturbances. In this task, the robotic fish attempts to
compensate for current-induced drift while maintaining stable oscillatory swimming. The
same TD3—CPG control structure is used, and the task objective is selected as station keep-
ing. While the DRL policy modulates the CPG outputs, the CPG network maintains rhyth-
mic joint angles. Therefore, station keeping is achieved through the regulation of body
orientation and oscillatory swimming motion. Two current types are defined as constant
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and 0.35 m/s for each episode. In the gust current, the disturbance is applied as two short-
duration Gaussian pulse-type currents. This current has a speed of 0.29-0.31 m/s, but the
pulse modulation increases the instantaneous peak speed to approximately 0.494-0.588
m/s. Therefore, the station keeping task is evaluated with both persistent moderate cur-
rent disturbances and short-duration, high-intensity disturbances. The station keeping re-
gion is defined as a circle centered at the desired position with a radius of 0.25 m. The
performance results are measured for each current model over 100 evaluation episodes in
terms of the stay ratio, mean target distance (deq,), mean swimming speed (Vmeqn),
mean (Apeqn), and estimated CPG frequency (fieqn)- Table 9 presents the station keeping
statistics obtained from the evaluations. The stay ratio is given with a bootstrap of 95%,
while the remaining metrics are given as standard deviation.

Table 8. Current disturbance parameters used in station keeping.

Parameter Constant Current Gust Current
Initial heading variation Yo € [-10°,+10°] Yo € [—3°,4+3°]
Current speed magnitude (0.25, 0.35) m/s (0.29,0.31) m/s
Peak current speed (0.25, 0.35) m/s U(1+0.84,) m/s
Peak speed range (0.25, 0.35) m/s U(1.704 — 1.896) m/s
Current direction @, € [—15° +15°] @, € [—20° +20°]
Phase shift — [—0.38,+0.38] s
Gust amplitude scale — A, €[0.88,1.12]

According to Table 9, the proposed controller maintains effective station keeping un-
der both disturbance conditions. Under constant current, the robotic fish remains inside
the station keeping region for 87.57 + 12.81% of the evaluation time, with a bootstrap 95%
ClI of [85.06%, 90.02%]. The mean distance to the target center is 0.155 + 0.032 m, which
remains below the 0.25 m station keeping radius. This result indicates that the controller
can compensate for a drift force and keep the robotic fish close to the desired position.
Under gust current, the stay ratio increases to 96.88 + 10.79%, with a bootstrap 95% CI of
[94.61%, 98.75%]. The mean target distance is 0.134 + 0.041 m, which is also below the
station keeping radius. Although gust current provides transient disturbances, the con-
troller recovers these perturbations and returns the robot to the target region in most epi-
sodes. The higher stay ratio under gust current shows that the gust type disturbance is
compensated more effectively than the continuous drift produced by constant current.
Under constant current, the mean swimming speed is 0.161 + 0.031 m/s, while the mean A
is 1.847 + 0.537. Therefore, the controller requires higher modulation performance to resist
the constant current. Under gust current, the mean swimming speed decreases to 0.142 +
0.014 m/s, and the mean absolute A to 1.238 + 0.308. The estimated CPG frequency remains
within a stable range in both cases. The mean estimated frequency is 1.389 + 0.075 Hz
under constant current and 1.448 + 0.059 Hz under gust current. The CPG network main-
tains rhythmic oscillation, and the TD3 policy effectively modulates the network for sta-
tion keeping. Overall, it confirms that the proposed controller performs not only in target
reaching and obstacle avoidance tasks, but also in station keeping scenarios exposed to
current, maintaining stable oscillatory swimming dynamics.

Table 9. Station keeping performance results under different current types.

Current  Stay Ratio (%)  Bootstrap 95% CI dmean (M) Umean (m/s) Amean frnean (Hz)
Constant ~ 87.57 +12.81 [85.06, 90.02] 0.155+0.032  0.161+£0.031  1.847+0.537  1.389+0.075
Gust 96.88 +10.79 [94.61, 98.75] 0.134+0.041  0.142+0.014  1.238+0.308  1.448 +0.059
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Figure 13 shows the station keeping behavior of the robotic fish under constant and
gust current disturbances. In this figure, the best and low-performance episodes are given.
The yellow circle denotes the station keeping region with a radius of 0.25 m centered at
the target. With the best constant current, the robotic fish fully remains in the region with
a stay ratio of 100.0% and a mean target distance of 0.119 m. The robot trajectory forms a
compact loop around the target center and remains within the station keeping boundary.
A similar pattern is observed in the best gust current, where the stay ratio is also 100.0%,
while the mean target distance further decreases to 0.098 m. In the failed constant current
case, the stay ratio decreases to 64.4%, and the mean target distance increases to 0.230 m.
In the gust current case, the degradation is more pronounced. The stay ratio decreases to
25.6%, and the mean target distance increases to 0.333 m, which exceeds the station keep-
ing radius. As a result, the proposed control architecture has two main characteristics.
Firstly, successful station keeping is not realized through static behavior. Instead, it results
from the fish continuously swimming within the external current, from limited oscillatory
motion around the target. Secondly, the difference between best and challenging episodes
is mainly reflected in the spatial extent of the drift recovery cycle. In the best cases, the
recovery motion remains within the circular boundary, while in the challenging cases, the
trajectory expands toward and beyond the allowed region before being redirected. Over-
all, the representative trajectories illustrate bounded drift-recovery behavior under the se-
lected steady and transient currents.

Figure 14 presents the representative station keeping responses under constant and
gust current disturbances. Figure 14a shows the constant current condition, while Figure
14b shows the gust current. In both cases, the distance to the target center remains below
the station keeping boundary of 0.25 m during the given episode. In the constant current
case, d(t) initially increases from nearly 0 m to approximately 0.17 m due to the current.
After this transient, the controller generates a corrective response and reduces the distance
to nearly 0.01 m around 3 s. Later, the distance rises again and remains below the 0.25 m
boundary. In the gust current, the distance response is bounded inside the station keeping
region. The maximum distance remains around 0.18 m, which is lower than 0.25 m. Com-
pared with the constant current, the gust current shows smaller distance variation after
the initial response. In the constant current case, A varies approximately between -3.5 and
+4.5, with a strong positive correction after 3 s. This indicates that stronger modulation is
required to resist the persistent drift. In the gust current, A also changes within a bounded
range and shows transient correction phases following the disturbance effect. The esti-
mated CPG frequency and oscillation amplitude further explain the locomotor adapta-
tion. In both current conditions, f increases from 1.0 Hz during the initial phase to 1.56 Hz
during compensation. After the transient phase, the frequency settles around 1.43 Hz.
Similarly, estimated oscillation amplitude increases rapidly from 0.02 m to its upper value
of 0.09 m. These changes show that the CPG network increases rhythmic propulsion dur-
ing the station keeping response while preserving stable oscillatory behavior. As a result,
the proposed architecture provides coordinated, limited directional correction and adap-
tive rhythmic activation to maintain position constraint under different current disturb-
ances.
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Figure 13. Best and challenging results under constant and gust currents.
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Figure 15 gives a distributional comparison of station keeping under constant and
gust currents. The boxplots summarize the distributions of the stay ratio, mean target dis-
tance, and mean A over the evaluation episodes, while the overlaid points represent the
individual episode results. According to Figure 15, the gust current produces a higher
stay-ratio distribution performance. Although a few low-performance results are ob-
served, most gust current episodes remain close to full station keeping. In contrast, the
constant current condition gives a lower and wider stay ratio distribution, with a mean
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value of 87.57 +12.81% and a bootstrap 95% CI of [85.06%, 90.02%]. This wider distribution
indicates that continuous current disturbances cause higher long-horizon variability than
transient gust disturbances. The mean distance distributions further support this obser-
vation. Both current conditions yield mean target distance values below the station keep-
ing radius of 0.25 m. Under constant current, the mean distance is 0.155 + 0.032 m, whereas
under gust current it decreases to 0.134 + 0.041 m. This shows that the robotic fish gener-
ally remains close to the target-centered region in both cases, with slightly tighter position
regulation under gust current disturbances. The mean A distribution reveals a clear con-
trol-level difference between the two current conditions. Under constant current, the dis-
tribution is centered at larger values, with a mean A of 1.847 + 0.537. Under gust current,
the distribution shifts toward lower values with a mean A of 1.238 + 0.308.
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Figure 15. Distributional comparison under constant and gust currents.

It can be shown from these results that the steady disturbances require more sus-
tained directional correction over the episode, while the gust current case can be regulated
with a smaller average bias. Therefore, the proposed approach adapts the balance of the
control actions according to the temporal structure of the external current disturbance
while preserving acceptable station keeping performance in both cases.

3.5. Discussion

This study evaluates a TD3—CPG control architecture in three simulated robotic-fish
tasks: target reaching, target reaching with obstacle avoidance, and station keeping under
external current disturbances. In the evaluations, the proposed TD3-CPG model is com-
pared with DDPG-CPG, PPO-CPG, PID-CPG, and TD3 without CPG under the same
target-reaching benchmark. PID-CPG also reaches many targets, but its performance de-
creases under larger orientation maneuvers. TD3 without a CPG network achieves a rela-
tively high success rate. However, this success is obtained through high-frequency, satu-
rated, and non-sinusoidal joint motions rather than a biomimetic swimming pattern.
Therefore, the CPG structure is important for preserving rhythmic and biomimetic control
performance.

The main advantage of the proposed framework is that the DRL policy does not di-
rectly control the joint angles and motor torques. Instead, it regulates low-dimensional
CPG modulation variables, while the sensory-feedback CPG network preserves rhythmic
and stable swimming. This hierarchical approach reduces the complexity of the learning
problem and provides a more interpretable control structure. The TD3 policy determines
the task-dependent modulation, while the CPG network converts these high-level deci-
sions into smooth motions. The target reaching results indicate that the TD3-CPG control-
ler can generalize across different target directions. Front-side targets are reached with
compact trajectories, while rear-side targets require larger orientation maneuvers. The
TD3-CPG structure handles this process without disrupting the oscillatory locomotion
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pattern. For obstacle avoidance in target reaching, the same TD3-CPG principle is ex-
tended by adding obstacle-related sensory information to the observation vector. The con-
troller achieves high reliability while giving an effective path length. The rectangular ob-
stacle results further show that the proposed controller can handle more structured obsta-
cle configurations. Although some scenarios are more challenging due to narrower gaps
and less favorable obstacle placement, the controller generally maintains target-directed
motion and safe passing behavior. In the station keeping task, the controller is evaluated
under two different current conditions: constant and gust currents. The constant current
represents persistent drift under moderate current speeds, while the gust current repre-
sents transient rejection and recovery under short-duration and high-intensity pulses. The
results show that the controller maintains the robotic fish within the target-centered re-
gion for most of the evaluation time under both disturbance types. The constant current
case requires stronger and more persistent bias modulation, while the gust current case is
generally compensated with shorter correction phases.

Despite these results, the proposed method has some limitations. First, the controller
is evaluated using a 2D planar robotic fish model. The model represents surge, sway, and
yaw motions and preserves the principal directional, propulsion, and trajectory-level ef-
fects required for target reaching, obstacle avoidance, and station keeping. However, it
does not represent ascending and descending motions or fully resolve three-dimensional
hydrodynamic interactions. Nevertheless, the planar model provides a computationally
efficient and control-oriented environment for investigating the interaction between task-
dependent observations, reward design, sensory-feedback, TD3 modulation, and CPG-
based rhythmic locomotion. In particular, it enables the effects of CPG bias modulation
on heading correction, trajectory formation, obstacle clearance, and current-induced drift
compensation to be analyzed within a common framework. Transfer to a physical robotic
fish may also be influenced by unmodeled hydrodynamic forces, sensor noise, and dis-
crepancies between simulated and real joint dynamics. Therefore, extension of the pro-
posed controller to the full 3D model, followed by experimental validation using a robotic
fish prototype, will form the next stage of this research. In addition, the obstacle avoidance
results show that failures can still occur when the robot cannot generate a sufficiently early
avoidance maneuver. Although the controller produces effective avoidance behavior in
most scenarios, unfavorable obstacle configurations may still limit maneuverability. Sim-
ilarly, the station keeping controller can be further evaluated under stronger and longer-
duration disturbances. Overall, the proposed controller provides effective swimming be-
havior within the investigated operating conditions.

4. Conclusions

This study presents a simulation-based investigation of a hierarchical TD3-CPG con-
trol framework for a two-joint robotic fish in a 2D planar environment. The framework
combines a sensory-feedback CPG network for rhythmic tail motion with a TD3 policy
that modulates selected low-dimensional CPG variables according to the task state. The
proposed control architecture is evaluated with three tasks: target reaching, obstacle
avoidance in target reaching, and station keeping under external current disturbances. A
baseline comparison is first conducted for the target-reaching task using TD3-CPG,
DDPG-CPG, PPO-CPG, PID-CPG, and only TD3 under the same benchmark. The pro-
posed controller achieves a 100.0% success rate with a Wilson 95% CI of [96.30%, 100.00%].
The TD3-CPG also provides lower arrival time, path stretch, and energy proxy than the
baseline models. The designed CPG network produces the necessary rhythmic maneu-
vers, while the TD3 policy modulates the CPG response according to the task require-
ments. In task 1, the controller reaches all targets with a 100.0% success rate, and the rep-
resentative trajectory analysis shows smooth convergence for front side, near rear, and
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deep rear targets. In task 2, the circular obstacle scenario gives a 98.0% success rate, a
98.0% safe-pass rate, and a path stretch of 1.077 + 0.041, indicating that obstacle avoidance
is achieved with limited geometric overhead. Also, the multiple rectangular obstacle sce-
narios are evaluated separately and give an overall success rate of 91.7% over 96 trials. In
task 3, the controller maintains position regulation under external current disturbances
with stay ratios of 87.57 + 12.81% under constant current and 96.88 + 10.79% under gust
current. The mean target distances remain below the 0.25 m station keeping radius in both
cases. These results show that the proposed TD3—-CPG policy effectively generates rhyth-
mic modulation for target reaching, obstacle avoidance, and station keeping under differ-
ent navigation conditions. Future work will focus on extending the proposed framework
to more complex obstacle areas and 3D swimming scenarios. Furthermore, an improved
observation structure can further enhance coordination between rhythmic motion dynam-
ics. Additionally, complex current conditions with more diverse obstacle geometries and
long horizon observations can improve the generalization capability. Finally, a TD3-CPG
framework will be evaluated under real-world conditions, and experimental water tank
tests will be conducted using a robotic fish prototype to analyze the control framework.
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Appendix A

Table A1l. Reward function coefficients used in the DRL training process for all task scenarios.

Parameter Description Task1 Task2 Task3
Wq Distance-progress weight 2.00 2.00 —
wh Heading-alignment weight 1.00 1.30 —
wy, Target-direction speed weight 0.85 1.00 —
Wy Sway penalty weight 0.50 0.50 —
Wy Yaw rate penalty weight 0.10 0.10 0.10
W) CPG bias penalty weight 0.015  0.010 —
Waz CPG bias-rate penalty weight 0.060  0.040 —
We Tail motion energy penalty weight 0.020  0.020  0.020
w Per-step time penalty 0.020 0.020 0.010
Ry Target-reaching reward 50 — —
Wy Free-space direction reward weight — 0.80 —
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W Obstacle-approach penalty weight — 0.40 —
Wy Near-obstacle penalty weight — 1.60 —
W, Clearance recovery weight — 0.80 —
Rep Safe-clearance and pass reward — 15 —
Reou Collision penalty with signed value — -200 —
Wiist Station-center distance penalty weight — — 4.00
Wapp Station-center approach reward weight — — 1.00
Wy Stay-inside-region reward weight — — 2.00
Station keeping velocity penalty weight — — 0.10
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