
  

  

Abstract— Bio-inspired swimming vehicles are increasingly 

being developed to understand the locomotion strategies of 

aquatic animals to expand the performance envelope of 

engineered systems. However, the increasing complexity of these 

multi-segmented vehicles makes it challenging to understand 

and optimize their performance. Accurate numerical models of 

these systems can provide a pathway forward, but it depends 

critically on reliable estimation of hydrodynamic coefficients. 

Traditional approaches to estimate these coefficients, such as 

tow-tank testing can be costly and often impractical. In this 

work, a numerical model of a bio-robotic sea lion was developed 

and validated, in which hydrodynamic coefficients critical for 

estimating fluid forces were first obtained through 

computational fluid dynamics (CFD) simulations and analytical 

methods such as strip theory. These coefficients were then 

refined using a genetic algorithm to improve agreement with 

experimental trials of the robot. This hybrid framework bridges 

the gap between simulation and reality, enabling accurate force 

estimation across different body segments. Validation 

experiments showed a close alignment between the numerical 

model and the physical robot's performance in position and 

orientation during various trials. The validated model could 

enable large-scale parametric studies to evaluate the 

effectiveness of different control surfaces, optimize gaits, and 

explore control strategies without extensive prototyping of the 

bio-robotic platform. Beyond design and analysis, the model can 

also provide a high-fidelity environment for the application of 

reinforcement learning, supporting the development of adaptive 

controllers and advancing bio-inspired robots toward 

autonomous operation. 

I. INTRODUCTION 

Learning the locomotion strategies of aquatic animals 

offers a pathway to improve the maneuverability of 

engineered underwater vehicles [1], [2]. Aquatic species 

achieve propulsion and control through coordinated motion 

of multiple body segments and control surfaces, like fins or 

flippers, enabling robust swimming and turning within 

turbulent flow environments. Engineers seek to adapt these 

biological strategies to expand the performance envelope of 

engineered systems [3]. Existing bio-inspired swimming 

robots, ranging from fish-like robots [4], [5], and sea turtle 

robots [6], [7], to eel and sea snake like robots [8], [9], [10], 

demonstrate diverse locomotion strategies for swimming and 

navigating complex aquatic environments. While significant 

progress has been made in developing such systems, the 
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increasing use of multiple body segments and control 

surfaces makes it challenging to isolate and understand their 

individual contributions to swimming performance. 

 

Numerical modeling provides a framework to predict and 

analyze the performance of bio-robotic swimmers, but its 

accuracy depends critically on the hydrodynamic 

coefficients used to estimate fluid forces on each body 

segment. These coefficients vary with instantaneous 

orientation, configuration, and fluid–structure interaction, 

making them difficult to generalize across multi-body 

systems. Bio-robotic systems increasingly incorporate 

shape-changing features that alter the global geometry to 

better interact with surrounding flow, yet such 

reconfigurations further shift the underlying coefficients 

when considered at the whole-body scale. To manage this 

complexity, the system must be decomposed into smaller 

components, where local interactions can be modeled more 

consistently. Computational fluid dynamics (CFD) has been 

widely applied to estimate drag forces for these 

geometries[11], yet added-mass terms remain challenging 

because they require resolving unsteady accelerations and 

configuration-dependent inertial effects. It is important to 

account for added mass effects arising from acceleration of 

the surrounding fluid during body motion, as these reactive 

forces have been shown to play a fundamental role in 

classical biofluid dynamic formulations[12]. Experimental 

approaches, such as tow-tank tests, can yield these 

coefficients [13], [14], but they are costly, facility-limited, 

and impractical for large parameter sweeps. As a result, 

researchers lack generalizable methods to obtain the 

coefficient sets needed for validating models of complex, 

shape-changing bio-robotic systems. 

 

The objective of this study is to develop and validate a 

numerical model of a bio-robotic sea lion, that leverages a 

hybrid approach to identify the hydrodynamic coefficients. 

Computational fluid dynamic (CFD) simulations were 

applied to discrete segments along the body axis, including 

the head, main body sections, and pelvis section, consistent 

with a strip-theory decomposition. This segmentation 

provided distinct drag and added-mass coefficients for each 

component, which were combined with analytical strip-
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theory estimates to form an initial coefficient set. A genetic 

algorithm was then employed to refine these values, with the 

explicit aim of bringing the numerical model into agreement 

with experiments on the physical robot. In this framework, 

CFD supplied a physics-based baseline while the 

optimization procedure reconciled discrepancies between 

simulation and reality. Model validity was established by 

comparing simulated trajectories with experimental trials of 

the robot across multiple swimming trials. The resulting 

model enabled a dynamic simulation and analysis of six-

degree-of-freedom (6-DoF) body motions in water, 

providing a validated tool for future control design and gait 

optimization. 

 

While significant progress has been made to estimate 

hydrodynamic coefficients for conventional propeller-based 

systems, it is hard to estimate coefficients for more complex 

bio-inspired underwater robots. Prior work has primarily 

focused on simplified hull forms. For instance, [15] 

compared hydrodynamic derivatives of a crate-shaped 

vehicle obtained via strip theory with flume experiments, 

reporting good agreement. Similarly, a dynamic model of a 

torpedo-shaped vehicle was developed in [16], where drag 

coefficients were derived from CFD simulations and added-

mass derivatives from strip theory. Although this approach 

has shown success for torpedo-like geometries, there is 

limited evidence demonstrating the accuracy of this 

approach across different configurations. In [17], both drag 

and added-mass coefficients for a crate-shaped vehicle were 

estimated entirely through CFD, while [18] computed 

theoretical coefficients for individual control surfaces of a 

torpedo-shaped UUV. Multi-body robotic systems, where 

body segments themselves act as control surfaces, add 

additional challenges to calculating these coefficients as the 

system can be in many different configurations. Additional 

challenges come when propulsion is created through 

flapping or multi-degree of freedom control surfaces. A 

notable gap in the literature is the absence of accurate 

estimation and validation for hydrodynamic coefficients and 

validation of the numerical model for such platforms. 

 

The remainder of this paper is organized as follows. 

Section II describes the development of the numerical 

model. Section III presents experimental trials comparing 

different swimming strokes between the model and the 

physical robotic platform. Section IV provides a discussion 

of the results and future directions, and Section V concludes 

with key takeaways. 

II. METHODS 

A numerical model of a bio-robotic sea lion was 

previously developed in a Simscape multibody system (The 

MathWorks, Inc., Portola Valley, CA, USA) to simulate, 

visualize and analyze the full body motion of the robotic 

system during swimming and maneuvering trials [19], (Fig. 

1). The model included the main body, head, pelvis, and 

paired fore- and hind flippers, with actuated degrees of 

freedom matching the physical robot. The model also 

accounted for the additional mass resulting from the system 

being open and flooded. Hydrodynamic forces, including 

drag, lift, lateral forces, and added mass effects, were 

incorporated using coefficients obtained from CFD and strip 

theory. Equation (1) represents the equations of motion for a 

rigid body that is completely submerged in water. Details of 

the model development and initial coefficient estimation are 

provided in a prior publication [19]. A detailed description 

of the design and development of the bio-robotic platform 

can be found in [20]. The dynamics of the fully submerged 

multi-body system are governed by the following equation. 

 

𝑀(𝑞)𝑝̇ + 𝐶(𝑝, 𝑞)𝑝 + 𝐹(𝑝, 𝑞) = 𝑄     (1) 

 

where q is the vector of generalized coordinates, p is the 

linear and angular velocities of the generalized coordinates, 

M(q) is the mass matrix for the entire robot, C (p, q) is the 

centripetal and Coriolis matrix, F (p, q) is the internal force 

vector and Q is the externally applied generalized forces.  

 

Hydrodynamic forces, such as drag, lateral, lift, and added 

mass, were incorporated into the numerical model to 

simulate the fluid forces the robot would experience during 

swimming. The main body was decomposed into eight 

different segments to account for distributed hydrodynamic 

loading. Drag coefficients were obtained using 

computational fluid dynamic (CFD) simulations conducted 

in COMSOL Multiphysics v6.3 (COMSOL, Inc., Boston, 

MA, USA). To determine the drag coefficient in the surge 

(x) direction, the full robot geometry was imported into the 

CFD environment (Fig. 2a). For the lateral (y) and lift (z) 

directions, each of the eight body segments was analyzed 

individually in CFD, and the resulting forces were applied at 

the center of mass of the corresponding segment using (2) 

(Fig. 2b). In (2), FD is the drag force, CD is the drag 

coefficient, v is the velocity, ρ is the density of water, and A 

is the area. The fore and hind flippers were modeled as flat 

plates, and their drag coefficients perpendicular to the 

incoming flow were assumed to be 1.28. Initial estimates of 

the added mass coefficients were computed using strip 

theory formulations. The main body was approximated as a 

prolate spheroid, and the corresponding added mass 

coefficients (x: (7), y and z: (8)) were calculated using (3)-

(8), where e is the eccentricity of the prolate spheroid, a is 

the semi-major axis and b is the semi-minor axis, m is the 

mass and α0 and β0 are constants. For the fore flippers and 

 

Figure 1. Bio-robotic sea lion and its numerical model during (a) free 

swimming and (b) maneuvering trials.  
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hind flippers, the added mass coefficients were computed 

using (9), where ρ is the density of fluid, k is the coefficient 

of additional mass [21], b and c denote the span and chord of 

the rectangular flat plate, respectively. 

 

𝐹𝐷 =
1

2
𝐶𝐷𝑣2𝜌𝐴                (2) 

𝑒 =  √1 − (𝑏/𝑎)2              (3) 

𝛼0 =
2(1−𝑒2)

𝑒3 (
1

2
𝑙𝑛

1+𝑒

1−𝑒
− 𝑒)     (4) 

𝛽0 =
1

𝑒2 −
1−𝑒2

2𝑒3 𝑙𝑛
1+𝑒

1−𝑒
           (5) 

𝑚 =
4

3
𝜋𝜌𝑎𝑏2                        (6) 

𝑋𝑢̇ = −
𝛼0

2−𝛼0
𝑚             (7) 

𝑌𝑣̇ = 𝑍𝑤̇ = −
𝛽0

2−𝛽0
𝑚       (8) 

𝑚𝑎 =
𝜋𝜌

4
𝑘𝑏𝑐2             (9) 

A genetic algorithm (GA) was implemented in MATLAB 

(The MathWorks, Inc., Portola Valley, CA, USA) to refine 

the hydrodynamic coefficients and estimate the volume of 

water ingress within the robotic system (Fig. 2c). The GA 

was configured as a multi-objective optimization problem 

using a Dynamic Time Warping (DTW) function to 

minimize the error between the simulated and experimental 

trajectories. The two objectives of the GA were to reduce the 

position and orientation errors of the robot across two 

distinct motion profiles: a characteristic sea lion stroke and a 

characteristic sea lion stroke with pelvis actuation. The 

dependent variables in the algorithm included: the volume of 

water inside the robotic system, which directly affects its 

inertial properties; the coefficients of force in the z-direction, 

which were refined from initial prolate spheroid estimates to 

account for the robot's geometry, which is more elongated 

along the y axis than the z axis; and the offset between the 

center of mass and center of buoyancy, which was a non-

trivial parameter initially estimated by assuming uniform 

density. The algorithm's parameters were set as follows: a 

population size of 80, a maximum of 50 generations, and a 

crossover fraction of 0.8. The multi-objective Pareto front 

percentage [22] was set to 0.4. Following the optimization 

runs, the genetic algorithm produced a set of optimal 

coefficients for each of the two distinct motion profiles. The 

final coefficients for the numerical model were manually 

selected from these results by identifying the combination of 

parameters that provided the best overall fit across both the 

characteristic stroke and the characteristic stroke with pelvis 

actuation trials simultaneously. Hydrodynamic coefficients 

that were optimized by the genetic algorithm are listed in 

Fig. 2d.  

 

To validate the numerical model, a series of swimming 

and maneuvering trials were performed experimentally and 

then replicated in simulation for comparison. The swimming 

tests examined two distinct strokes: the characteristic stroke 

and a variation that included pelvis actuation. Both were 

simulated over three consecutive flipper strokes, with each 

stroke lasting approximately 2.9 seconds. For maneuvering, 

pitch and yaw turns were initiated from a forward velocity of 

0.31 m/s. During these maneuvers, the head and pelvis 

sections were actuated simultaneously to 60°. For every 

experiment, three trials were conducted and averaged. For 

the numerical model, the same joint actuation profiles used 

in the experimental platform were prescribed directly at the 

corresponding revolute joints in simulation. The fore 

flippers, head, and pelvis were actuated using predefined 

time-varying angular trajectories, ensuring that the simulated 

kinematics matched the experimental strokes and 

maneuvering inputs. 

 

The bio-robotic sea lion was tested in a swimming pool, 

where video recordings were used to capture its position and 

 
Figure 2. (a) Computational fluid dynamic simulations for the bio-robotic sea lion in x direction. (b) Main body decomposed into eight different 

segments to compute coefficients of force in y and z directions. (c) General architecture of genetic algorithm. (d) Comparison of coefficients between 

theoretically computed vs. with genetic algorithm. 
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orientation during various swimming and maneuvering 

trials. To ensure a consistent starting pose across trials, the 

robot was secured to a dock prior to release. The release 

event was defined as the frame in which the robot was fully 

disengaged from the dock and free to move. The Video 

footage was recorded using a GoPro Hero 13 (GoPro, San 

Mateo, CA, USA), mounted on a perpendicular wall to 

provide a clear lateral view. The camera captured 4K-

resolution footage at 30 frames per second. Two visual 

markers were placed on the front and rear ends of the robot 

to facilitate pose tracking. The recorded videos were later 

analyzed using the image processing toolbox in MATLAB 

(The MathWorks, Inc., Portola Valley, CA, USA), where the 

position and orientation of the robot were extracted by 

tracking the visual markers on the robot. A detailed 

description of the data collection process is provided in [19]. 

 

The numerical model was validated by comparing its 

center of mass trajectories of both position and orientation 

against those recorded from the physical robot during trials. 

For swimming trials, the comparison included metrics such 

as total distance traveled in surge and heave, the root mean 

squared error (RMSE) for position and orientation, and the 

maximum and mean 2D velocity. For maneuvering trials, the 

analysis focused on the final orientation and mean angular 

position when head and pelvis were actuated simultaneously 

during pitch and yaw turns. 

 

In the numerical model, the position and orientation of the 

robot was sensed at the 6 degrees of freedom joint located on 

the main body. An ODE 3 (Bogacki-Shampine) solver was 

used with a fixed time step of 0.001 to solve the equations of 

motion. Each simulation trial was run for the same duration 

as the corresponding experimental trial, and initial 

conditions such as forward velocity and body orientation 

were matched to those measured at the start of experiments 

(release event) to ensure consistency. Position and 

orientation data were also presented with a ±2% buoyancy 

offset, shown as a red-shaded region, to illustrate the 

influence of buoyancy variations during each stroke. 

III. RESULTS 

A. Characteristic Stroke 

The numerical model's translational motion during the 

characteristic stroke closely matched the experimental data 

in both surge and heave (Fig. 3a). In the surge direction, the 

robotic system traveled 1.79 m, whereas the numerical 

model traveled 1.74 m—a difference of only 2.8%. 

Similarly, in the heave direction, the experimental trials 

recorded 0.78 m of travel compared to the model's 0.75 m, a 

difference of 4.0%. The overall root mean squared error 

(RMSE) between the two center-of-mass trajectories was a 

low 0.06 m. 

 

A cycle-by-cycle comparison of the mean 2D velocity 

revealed a progressive increase for both systems, with the 

numerical model’s performance converging with and 

ultimately surpassing the physical robot. In the first cycle, 

the numerical model’s mean velocity of 0.11 m/s was 27%  

 
Figure 3. (a) Position and (b) velocity magnitude when executing the 
characteristic stroke on the numerical model and the bio-robotic sea 

lion. 

 

TABLE I: MAX. AND MEAN VELOCITY MAGNITUDE FOR EACH CYCLE FOR BIO-ROBOTIC SEA LION AND NUMERICAL MODEL 

Velocity Magnitude Cycle 1 Cycle 2 Cycle 3 

Stroke Max. ||V|| (m/s) Mean ||V|| (m/s) Max. ||V|| (m/s) Mean ||V|| (m/s) Max. ||V|| (m/s) Mean ||V|| (m/s) 

CS: Robot 0.36 0.15 0.40 0.27 0.40 0.30 

CS: Sim 0.24 0.11 0.35 0.25 0.42 0.33 

CS with pelvis: 

Robot 
0.35 0.14 0.38 0.26 0.42 0.31 

CS with pelvis: Sim 0.24 0.12 0.36 0.26 0.43 0.35 
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lower than the experimental result (Fig. 3b, TABLE I). The 

model's velocity then increased by 36% in the second cycle 

to 0.15 m/s, narrowing the performance gap to just 7% 

below the physical robot. In the final cycle, a further 32% 

increase brought the model's mean velocity to 0.25 m/s, 

outperforming the experimental system by 10%. 

 
  The maximum magnitude of 2d velocity of the numerical 

model increased consistently across each stroke cycle, whereas 
the robotic system showed an increase from cycle 1 to cycle 2, 

but remained constant in cycle 3 (TABLE I). In the first cycle, 
the model's maximum velocity was 0.24 m/s, or 33% lower 
than the robot's peak velocity. By the second cycle, the model's 
velocity increased by 46% to 0.35m/s, reducing the 
performance gap to 14% below the robot. In the final cycle, 
the model's velocity continued to increase by another 20% to 
0.42m/s, ultimately surpassing the robot's plateaued 
performance by 5%.  

Both systems exhibited a progressive increase in final pitch 
angle over the three cycles, with the numerical model aligning 
most closely with the experimental results during the second 
cycle (Fig. 4a, TABLE II). At the end of the first cycle, the  
model's final pitch of 12.02° was 29% lower than the 16.89° 
recorded for the physical robot. The two systems then 
converged in the second cycle, where the model's 30.65° pitch 
closely matched the robot's 29.43°. This alignment diverged 
again in the final cycle, as the model's 35.15° pitch ended up 
17% lower than the robot's 42.16°. The overall root mean 
squared error (RMSE) for the entire pitch trajectory was 6.4°. 

 

 The maximum angular velocity was highest during cycle 

1 for both the numerical model and the bio-robotic sea lion, 

followed by a decline in subsequent cycles (Fig. 4b, TABLE 

II). In the first cycle, the model’s peak angular velocity of 

10.93°/s was 52% lower than the robot’s 22.62°/s. By the 

second cycle, the model's peak dropped to 8.95°/s, 

narrowing the gap to 40% below the robot’s 14.85°/s. In the 

final cycle, the trends diverged: the model's velocity fell 

sharply again to 4.35°/s, while the robot's slightly increased, 

resulting in the model underperforming by approximately 

71%. 

 

In contrast to other metrics, the mean angular velocity 

showed opposing trends between the two systems (TABLE 

I). The numerical model’s mean velocity first increased by 

32%, from 4.68°/s in cycle 1 to 6.17°/s in cycle 2, before 

dropping sharply in cycle 3. Conversely, the bio-robotic sea 

lion’s velocity followed the opposite pattern, decreasing 

from cycle 1 to 2 before increasing again in cycle 3. 

 

B. Characteristic Stroke with Pelvis Actuation 

The numerical model closely aligned with the bio-robotic 

sea lion when the characteristic stroke was implemented 

with pelvis. When comparing the trajectories of both 

systems, the RMSE was 0.04m. For example, for the bio 

robotic system, the total translation in surge was 2.01m (Fig. 

 
Figure 4. (a) Orientation, and (b) angular rate for bio-robotic sea lion 

and numerical model during the characteristic stroke. 

 

Orientation Cycle 1 Cycle 2 Cycle 3 

Stroke Final θ 

(deg) 

Max. θ dot 

(deg/sec) 

Mean θ dot 

(deg/sec) 
Final θ (deg) 

Max. θ dot 

(deg/sec) 

Mean θ dot 

(deg/sec) 

Final θ 

(deg) 

Max. θ dot 

(deg/sec) 

Mean θ dot 

(deg/sec) 

CS: Robot 16.89 22.62 5.81 29.43 14.85 4.31 42.16 15.16 4.82 

CS: Sim 12.02 10.93 4.68 30.65 8.95 6.17 35.15 4.35 1.71 

CS with pelvis: Robot 8.04 17.56 2.73 5.63 16.72 -0.86 0.94 18.43 -1.61 

CS with pelvis: Sim 1.58 24.39 0.81 3.15 21.77 0.87 -1.88 23.73 -1.37 

 

TABLE II: ANGULAR POSITION AND VELOCITY FOR EACH CYCLE FOR BIO-ROBOTIC SEA LION AND NUMERICAL MODEL 
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5a). The numerical model translated a total of 2.05m, which 

was only 2% higher. Similarly, when the same stroke was 

executed on the bio robotic system, total translation in heave  

was 0.51m. In the numerical model, the total translation was 

0.61m which was about 20% higher. 

 

The maximum magnitude of 2d velocity for the numerical 

model and the bio-robotic platform closely matched during 

cycles 2 and 3, with a slight deviation observed in cycle 1 

where the model predicted a lower value (Fig. 5b, TABLE 

I). In the first cycle, the model's peak velocity of 0.24 m/s 

was 31% lower than the experimental result. By the second 

cycle, the model's peak increased to 0.36 m/s, reducing the 

difference to just 5% below the robot. In the final cycle, the 

model reached a peak velocity of 0.43 m/s, outperforming 

the physical robot by 2%. 

 

Both systems showed a consistent, progressive increase in 

mean 2D velocity across all three cycles, with the strongest 

alignment occurring in the second cycle. In the first cycle, 

the numerical model’s mean velocity was 16% lower than 

the 0.14 m/s achieved by the physical robot (TABLE I). By 

the second cycle, the systems converged, with both 

achieving an identical mean velocity of 0.26 m/s. In the final 

cycle, the model’s performance was 13% lower than the 

robot’s mean velocity of 0.35 m/s. 

 

The final pitch angle showed a similar trend for both 

systems, resulting in a low overall trajectory RMSE of 3.3°. 

At the end of the first cycle, the numerical model's final 

pitch was 38% lower than the 8.44° recorded by the physical 

robot (Fig. 6a, TABLE II). The systems then converged in 

the second cycle, exhibiting nearly identical final pitch 

angles. By the final cycle, a gap re-emerged, with the 

model’s pitch ending up 34% lower than the robot's 14.45°. 

 

Both systems followed a similar trend for maximum 

angular velocity, peaking in the second cycle before 

declining, though the numerical model consistently produced 

lower values. In the first cycle, the model's peak of 9.01°/s 

was approximately 43% lower than the robot's 15.67°/s (Fig. 

6b, TABLE II). Both systems peaked in the second cycle, 

where the model's 13.07°/s was about 36% lower than the 

robot's 20.31°/s. In the final cycle, both velocities decreased, 

 

Figure 5. (a) Position and (b) velocity magnitude when executing the 

characteristic stroke with pelvis actuation. 

 

 
Figure 6. (a) Orientation and (b) angular rate for bio-robotic sea lion 

and numerical model during the characteristic stroke with pelvis 

actuation. 
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with the model's 3.53°/s being roughly 65% lower than the 

robot's 9.94°/s. 

 

 The mean angular velocity for both systems followed 

similar trends, with closely aligned values in the first two 

cycles and a larger deviation in the third. In the first cycle, 

the numerical model’s mean angular velocity was 35% 

lower than the 2.86°/s recorded for the robot (TABLE II). 

The gap narrowed in the second cycle, where the model’s 

performance was just 14% lower than the robot’s mean 

velocity of 5.07°/s. However, the deviation increased 

significantly in the final cycle, with the model’s mean 

velocity ending up 47% lower than the robots. 

C. Pitch and Yaw Maneuvers 

The numerical model accurately predicted performance 

during maneuvering trials that involved simultaneous head 

and pelvis actuation, showing strong alignment with the 

experimental data for both pitch and yaw (Fig. 7). For the 

pitch maneuver (Fig. 7a), the model's final orientation of 

55.46° was only 6% lower than the physical robot, and its 

mean angular position was 10% lower. The overall trajectory 

comparison for this maneuver yielded a RMSE of 5.23°. 

Similarly, for the yaw maneuver, the predicted final 

orientation of 24.23° was just 8% lower than the 

experimental result, though its mean angular position was 

6% higher. The yaw trajectory (Fig. 7b) showed an even 

closer match, with a final RMSE of only 1.62°. 

IV. DISCUSSION 

This study successfully developed and validated a 

numerical model of a bio-robotic sea lion, demonstrating 

strong agreement between simulation and experiment, 

particularly for surge and rotational maneuvers. Deviations 

were most notable in the heave direction, which are likely 

attributable to unmodeled complexities such as buoyancy 

changes, body-fluid interactions and the dynamics of water 

ingress within the robot's open-body structure. During the 

characteristic stroke, near the end of cycle 3, the pitch data 

showed a larger deviation between the experimental trials 

and the numerical model, likely due to the robot breaching 

the water surface. 

A key challenge was the initial underestimation of 

hydrodynamic coefficients derived from standard 

computational methods like CFD and strip theory. This 

discrepancy likely stemmed from several sources: 

unmodeled buoyancy changes, internal water movement, 

and a simplifying geometric assumption that treated the 

robot's body as a prolate spheroid. To overcome this, a GA 

was employed to systematically refine these coefficients, 

which significantly improved the model's alignment with the 

experimental data. 

 

While the optimized hydrodynamic coefficients 

demonstrated good predictive capability across multiple 

stroke types and maneuvering trials, a formal parametric 

sensitivity study over a broader range of stroke amplitudes 

and frequencies was not conducted. Future work will 

examine whether the optimized hydrodynamic coefficients 

accurately represent the dynamics of the system under a 

wider variety of stroke frequencies, amplitudes, and 

maneuvering conditions.  

 

Future work should focus on two key areas. First, a direct 

comparison of joint torques between the model, and the 

robot is needed to validate the model's prediction of 

underlying fluid forces, not just the resulting motion. 

Second, more comprehensive experiments that quantify 

buoyancy changes and internal water dynamics would 

enable further refinement of the hydrodynamic coefficients 

and enhance the model's overall fidelity. Dedicated 

buoyancy characterization experiments should be conducted 

prior to swimming trials to reduce uncertainty in hydrostatic 

parameters. The robot could be statically submerged and 

evaluated for neutral buoyancy and horizontal trim before 

actuation to ensure consistency with model assumptions. In 

addition, water ingress effects in the robot can be 

experimentally quantified and compared with values 

 
Figure 7. Orientation of the bio-robotic sea lion and the numerical 
model when head and pelvis were simultaneously actuated to 60° 

during (a) pitch, and (b) yaw maneuvers. 
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estimated from GA. Towing experiments using a carriage 

with encoder-based force measurements under prescribed 

acceleration profiles would enable direct comparison 

between measured forces and theoretical predictions, 

providing validation of the optimized hydrodynamic 

coefficients. Furthermore, incorporating unsteady flow 

phenomena such as vortex shedding and wake interactions 

between body segments into the numerical framework may 

improve its fidelity. 

 

Ultimately, the validated numerical model developed in 

this study serves as a powerful tool for future research. It 

enables rapid, large-scale parametric studies to optimize 

swimming gaits and control strategies, significantly reducing 

the need for extensive physical prototyping. Furthermore, 

the model provides an ideal training environment for 

reinforcement learning, allowing for safe and efficient 

development of autonomous endeavors. 

V. CONCLUSION 

This study successfully developed and validated a high-

fidelity numerical model of a bio-robotic sea lion, 

demonstrating strong agreement with experimental data 

across various swimming and maneuvering trials. A key 

contribution of this work is the demonstration that a GA can 

effectively refine hydrodynamic coefficients, overcoming 

the inherent limitations of conventional analytical and 

computational methods. This hybrid methodology provides a 

more accessible and efficient pathway for developing 

accurate models of other complex, multi-body underwater 

robots, thereby advancing the design and control of future 

bio-inspired autonomous systems. 
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