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Abstract    
An experiment-based approach is proposed to improve the performance of biomimetic undulatory locomotion through 

on-line optimization. The approach is implemented through two steps: (1) the generation of coordinated swimming gaits by 
artificial Central Pattern Generators (CPGs); (2) an on-line searching of optimal parameter sets for the CPG model using Genetic 
Algorithm (GA). The effectiveness of the approach is demonstrated in the optimization of swimming speed and energy effi-
ciency for a biomimetic fin propulsor. To evaluate how well the input energy is converted into the kinetic energy of the pro-
pulsor, an energy-efficiency index is presented and utilized as a feedback to regulate the on-line searching with a closed-loop 
swimming control. Experiments were conducted on propulsor prototypes with different fin segments and the optimal swimming 
patterns were found separately. Comparisons of results show that the optimal curvature of undulatory propulsor, which might 
have different shapes depending on the actual prototype design and control scheme. It is also found that the propulsor with six 
fin segments, is preferable because of higher speed and lower energy efficiency. 
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1  Introduction 

Fish acquire thrust through undulatory motion and 
are able to swim with remarkable maneuverability and 
high energy-efficiency. The undulatory fins of live fish 
provide inspirations for the propulsor design of under-
water swimming robots. Such propulsors consist of a set 
of muscles and bones that can produce traveling wave 
opposite to the heading of swimming. Fish swim by a 
variety propulsive modes, which allow them to operate 
at different levels of performance. Learnt from a real fish, 
a bio-inspired fish robot can adjust its swimming gaits 
by changing fin/body shapes in response to the sur-
rounding environment in order to reduce drag and 
maintain stability. For example, fish may adopt fast 
swimming mode in prey or escape without considering 
the energy consumption. On the other hand, they may 
lower the speed and adopt energy-efficient swimming 
mode in a long distance migration. These implications 
could be taken as a useful source for the locomotion 
control of fish robots. 

How to enhance the energy efficiency and speed of 
locomotion is always a key question in the study of fish 
robots[1,2]. Various approaches have been applied, many 
of which are based on off-line experiments or analyses.  
The approaches include the imitation of the behavior of 
real fish[3,4], the finding of the clues from empirical 
testing by statistical methods[1,5,6], the analysis of 
swimming hydrodynamics by analytical derivation or 
Computational Fluid Dynamics (CFD) simulation[7–9], 
and the control of wake vortex patterns associated to the 
optimal locomotion[3,9,10]. However, there might also be 
a discrepancy between the performance obtained from 
the off-line approach and the actual performance a robot. 
In this paper, an experiment-based approach is intro-
duced to perform the on-line searching of the optimal 
locomotion patterns. For a given fish robot, the on-line 
exploration for the best of its potentials of locomotion, 
instead of off-line theoretical modeling, is a more prac-
tical way for real-world applications[11]. 

A biomimetic propulsor developed in Refs. [12, 13] 
was adopted as an experimental platform to evaluate the 
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optimization approach (see Fig. 1). The propulsor is 
constructed by inter-connected fin segments made of 
five-bar linkage mechanisms[14] (see Fig. 2). A fish robot 
driven by the propulsor was constructed by integrating 
with a waterproofed shell, a buoyancy control module 
(i.e. a ballast tank) and embedded control hardware, as 
shown in Fig. 1a. As the fin propulsor comprises multi-
ple degrees of freedom (DOF), artificial Central Pattern 
Generator (CPG) is proposed to coordinate swimming 
gaits. The swimming gaits generated by CPGs will en-
sure that fish robots can swim in particular patterns.  But 
it will not guarantee a good performance of the swim-
ming motion because the CPG model does not have any 
information and will not know about actual states (or 
positions) of the robot. The problem can be tackled by 
incorporating feedback from robot-water interaction into 
the CPG model. In addition, a Genetic Algorithm (GA) 
is explored for the optimization of swimming locomo-
tion by tuning the parameters of CPGs according to the 
on-line measurement of swimming performance. By 
combining the models of CPG, state feedback and GA, a 
closed-loop control scheme is applied to the locomotion 
control of fish robots. By virtue of the experiment-based 
approach, the present work aims to answer the following 
questions. How many fin segments are preferred for the 
given propulsor? What is the best swimming speed or 
energy efficiency of the fish robot? With which kine-
matics configuration the robot obtains its optimal lo-
comotion? 

The paper is organized as follows. Firstly, an ex-
periment-based approach for on-line locomotion opti-
mization will be discussed in section 2. The methods 
used in experiments on the biomimetic propulsor will be 
introduced in section 3.  Experimental results will be 
presented in section 4 followed by the conclusion in 
section 5. 

2  Methodology 

The experiment-based on-line optimization ap-
proach is applied on the propulsor by two steps: (1) the 
generation of coordinated swimming gaits for the 
multi-actuated propulsor and (2) the optimization of 
parameters in the gait generator. The former is achieved 
by CPGs modeled by coupled non-linear oscillators. The 
latter is performed by the well-known GAs. The problem 
definition, the model of CPGs, and the application of GA 
will be discussed in the following sections. 

Buoyancy tank Controller box

Propulsor

600 mm

525 mm

75 mm 60 mm

(a)

(b)  
Fig. 1  (a) Photo of the fish robot in pool testing and (b) key 
dimensions of the propulsor (adapted from[13]). 

Slider pair

Motor

Fin ray

Crank

Guider

75 mm

Cr
an

k 
i Sliding plates

Crank i+1

θi θi+1

60
 m

m

(a)

(b)  
Fig. 2  The fundamental elements of the propulsor. (a) CAD model 
of the finned propulsor; (b) the schematics of the two-DOF five-bar 
slider mechanism  (adapted from Refs. [13] and [14]). 

2.1  Problem definition  
First of all, it is necessary to identify the factors that 

might affect swimming performance. One important 
factor is the swimming pattern. A desirable swimming 
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pattern should ensure all fin segments effectively con-
tribute to the thrust generation[15]. Another one is the 
actual mechanism design of the undulatory propulsor, i.e. 
the layout of the biomimetic fin. Therefore, the discus-
sion on the optimal layout of the fin propulsor is also a 
focus. 

The swimming pattern is determined by the body 
motion curvature and its envelope shape[16]. Lighthill[17] 
adopted body motion function to model the curvature. 
This function is a two-dimensional traveling wave 
equation, as illustrated in Fig. 3 and is defined as 

2( , ) ( )sin(2 ),ey x t A x ft xππ
λ

= +                  (1) 

where y(x, t) is a two-dimensional wave function that 
describes the motion of the central line of an undulatory 
spine at a specific time instance t, f is the undulation 
frequency of propulsor segment, λ is the wavelength, 
and Ae(x) is the envelope function. Lighthill also sug-
gested a parabola envelope shape. Following this sug-
gestion, many works are devoted to find the optimal 
values of parameters in the parabola equation[3,18,19]. 
One question is that whether the optimal swimming 
pattern of a man-made propulsor share the same form as 
that of a live fish or not? In the on-line optimization of 
the present work, the envelope is assumed to have an 
arbitrary form. In this connection, the investigation of 
the shape of the undulatory wave is considered in the 
proposed approach. 

Biomimetic propulsors commonly consist of a 
limited number of segments, such as linkages or other 
types of mechanical components. These segments os-
cillate coordinately and collectively to fit the undulatory 
wave curve during swimming. The pattern of swimming 
locomotion depends on the oscillation of all segments, 
which is associated to two key parameters, the amplitude 
Ai and the frequency f (see Fig. 3). The parameter set (S) 
solved in the on-line optimization is  

{ }1 2, , ... , ; ; ,nS A A A f n=                  (2) 

where n is the number of propulsor segments. Note that 
the wavelength λ is not included in the parameter set (S) 
because it is a dependent variable of amplitudes. The 
form of envelope can then be obtained by curve fitting 

1 21,2,...
( ) ( ) Function( , , ... , ).e e i ni n

A x A x A A A
=

≈ =    (3) 

Envelope Ai = |fe(xi)|
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Fig. 3  Illustration of undulatory waveform during forward 
swimming (top view). The dark solid curve represents the midline 
of an undulatory swimmer. The dimensions are normalized to the 
propulsor length. 

2.2 Model of CPGs for locomotion control of biomi-
metic propulsor  
According to the robot design (see Fig. 1), the lo-

comotion of the robot is achieved by the coordinated 
oscillations of all propulsor segments[13]. The oscillation 
of each segment is governed by a command signal 
conventionally modeled by sine or cosine functions in a 
great number of applications[20]. In order to produce 
waves propagating backwards, the oscillations of seg-
ments must be coordinated through a well-defined phase 
difference among gait control signals. In this case, if the 
parameter set of control signals is on-line tuned, the 
coordination of undulatory motion may be lost because 
the on-line tuning will change the continuity of the mo-
tion or the phase relation of segments[20]. 

The problem can be solved by CPG-based control 
framework. Artificial CPGs are made of inter-linked 
nonlinear oscillators that can generate coordinated and 
rhythmic movement signals[21]. As undulations and/or 
oscillations of fish fins show typical rhythmic pat-
terns[22–24], CPGs are suitable tools to model the kine-
matics of a biomimetic propulsor. Oscillators in CPGs 
are connected in the way that the output of one oscillator 
is perturbed by another one so that a stable phase dif-
ference can be maintained between the two osillators[25]. 
The on-line tuning of parameters is equivalent to the 
adding of perturbation to CPGs. With the perturbation, 
the system can continuously converge to a new stable 
state and the output of the oscillator keeps smooth owing 
to the limit cycle property of the nonlinear systems[26]. 
Such an advantage provides an interface for higher level 
optimization algorithms (such as GA) to perform the 
on-line tuning of CPG parameters. 
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Hopf oscillators are adopted as fundamental gait 
generators to control the oscillations. Because of its 
harmonic steady state output pattern, the oscillators are 
suitable for the modeling of swimming gaits. For the 
fish prototype, eight Hopf oscillators are linked to-
gether to construct artificial CPGs[14]. The model in the 
present paper adopts bi-direction coupling terms, in-
stead of one-way coupling reported in Ref. [14]. Such a 
configuration ensures quick gait transitions during the 
online tuning of the controlling parameters[21]. Upon 
introducing the scheme, a model of CPGs with a chain 
structure and bi-directional couplings can be defined as 

( )i i it Auθ = ,     i=1, 2, …, n                 (4) 

2 2

2 2

0(1 ) 2
(1 ) 2

i i i i i

i ii i i i

u k u v u fv
v ck u v v fu

π
ε

π
⎡ ⎤⎡ ⎤ ⎡ ⎤− − −

= +⎢ ⎥⎢ ⎥ ⎢ ⎥− − +⎣ ⎦ ⎣ ⎦⎣ ⎦
,    (5) 

where ci = ε (ui−1sinφd,i − uisinφd,i+1 + vi−1cosφd, I + 
vi+1cosφd,i+1). The variable θi in Eq. (4) is a linear map-
ping of a single output of CPGs, which is used to control 
the oscillator of a corresponding segment. Eq. (5) defines 
the dynamics of CPGs[21]. The definitions of symbols in 
the equation are listed in Table 1. Each oscilaltor is cou-
pled with its two adjacent ones through a coupling term ci, 
in order that the outputs of two oscillators can hold a 
stable phase difference[21]. Multiple Hopf oscillators are 
linked together in the same manner to form CPGs with a 
chain structure, as described in Fig. 4. 
 

Table 1  Structure parameters of HITCR-II’s joint 
Symbol Definitions  
θi Control signal of the ith segment  
n 

ui, vi 
Number of DOF (segments) involved in thrust generation 
State variables of the Hopf oscillator associated to the ith 
segment 

Ai Amplitude of the ith oscillator 
f 
k 
φd,i 
ε 
ci 

Oscillation frequency 
Positive constant that regulates the speed of convergence 
Phase difference between adjacent oscillators 
Coupling strength 
Coupling term 

 

Fig. 4  Structure of CPGs with a chain structure and bi-directional 
couplings (adapted from Ref. [21]). 

2.3  Application of GA in swimming locomotion con-
trol  
Multiple controlling parameters in the CPG-based 

kinematics model determine the swimming performance. 
Optimization for these variables is an advantage of GA 
due to its high-dimensional global searching capability 
and the generality in many applications[21]. Through the 
on-line optimization, the parameter set can be improved 
using GA in the course of swimming. The purpose is to 
find the fast-speed swimming mode and efficient-energy 
swimmming mode. Therefore, the speed and the in-
stantaneous swimming power consumption are taken as 
feedbacks to improve the controlling parameters by GA. 
By virtue of this configuration, a closed-loop swimming 
motion control system can be established, as depicted in 
Fig. 7. 

A standard GA with three major operations (selec-
tion, crossover, and mutation) is performed in this study. 
Other factors considered in the present application in-
clude the constrains and selection of fitness functions. 
Firstly, the constrain is imposed on the amplitudes of all 
segments due to the fact that the waveform of a live fish 
with elongated propulsor shape usually exhibits gradu-
ally increasing amplitudes from head to tail[3]. The shape 
of body motion is thought to be associated to the high 
energy efficiency of swimming[27]. The constrain can be 
simply defined by 

1 2 max0 ,nA A A A≤ ≤ ≤ ⋅⋅⋅ ≤ ≤                  (6) 

where Amax is the upper limit of amplitude, which is 
decided by the maximum power of actuators. 

Another factor in applying GA is the choice of the 
fitness function. Because the optimal locomotion of fish 
is either in fast swimming mode or in energy-efficient 
mode, it is necessary to adopt two different fitness 
functions in the optimization process. The swimming 
speed can be taken as an indicator judging how well 
individuals have performed in the search domain. In 
order to evaluate the single individual without losing the 
information of population, a fitness function defined by 
the ratio between the raw performance (steady swim-
ming speed, U) of individual and the whole performance 
of population[1] is adopted 

1

/ ,
/

k
s m

j
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U LF
U L

=

=

∑
                              (7) 
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where Fs is the fitness function, L is the propulsor length, 
and Uk is the swimming speed (i.e. the raw performance 
of the kth individual). Similarly, the fitness function for 
the energy efficient mode, FE, can be defined by 

,

,
1

,E k
E m

E j
j

I
F

I
=

=

∑
                             (8) 

where IE,k is a measure of energy efficiency. The in-
stantaneous energy efficiency is obtained from the 
reading of multiple sensors attached to the fish robot, 
which will be discussed in section 3. 

3  Experiments 

As there were technical difficulties to measure the 
performance of free-run robot, the propulsor of the robot 
was tested separately in a laboratory testing platform. 
The methods used to conduct the experiment, meas-
urement of swimming performance, and the hardware 
configurations will be discussed in the following sec-
tion. 
 
3.1  Measurement of swimming efficiency  

From an engineering perspective, the efficiency of 
power consumption can be used as a measure to evaluate 
the swimming performance and consequently adopted as 
a feedback for the swimming control system. For a 
motorized bionic propulsor, the total input power is 
conventionally measured by the algebraic product of the 
input voltage and the electric current. The swimming 
performance can then be reflected by the ratio of thrust 
power over the total input power. The total power com-
prises two parts: (1) the power consumed in motion 
transmission from the actuators to the propulsor and (2) 
the power used to drive the propulsor itself. In an ap-
proximate estimation, these two parts can be assumed to 
be constants or constant proportions of the total input 
power. This assumption, however, can only provide a 
rough estimation. It is not accurate for the on-line mo-
tion planning because the two parts will change due to 
unstructured factors including the quality of motors, 
imperfect mechanical design of fish robot, materials 
properties of the robot, etc. 

Instead of using the gross electric power as the total 
power input, the effective power consumed for swim-
ming locomotion is advised as a performance indicator. 

The effective power can be obtained by measuring the 
instantaneous power provided by each oscillating crank 
through the force sensors. As depicted in Fig. 5, the 
strain-gauge-based force sensors are attached on the 
driving cranks to measure the instantaneous torque. 
Each crank can be modeled as a cantilever beam[28].  As 
the crank oscillates, the reaction force from water will 
cause the bending of the beam. The force can then be 
converted to the actual torque imposed on the beam. By 
considering the angular velocity of the crank, the total 
instantaneous power, P(t), can be obtained by 

1

( ) ( ) ( ) ,
n

i i
i

P t T t tθ
=

=∑                               (9) 

where Ti(t) is the measured torque caused by reaction 
force on the ith crank and ( )i tθ is the angular velocity of 
the crank. By this method, one can avoid the account of 
the power consumed in motion transmission from the 
actuators to the propulsor and the power loss used to 
drive the propulsor itself. 
 

            
Fig. 5  (a) Force sensors attached to a crank; (b) calibration and 
bonding of 4 strain gauges on a crank; (c) electrical connection of 
strain gauges (R1–R4) in Wheatstone full bridge: R 1= R2 = R3 = R4 

= 350 ohm, gauge factor = 2.15 ± 1%. 
 

In the efficient swimming mode, it is desired to 
achieve the best swimming speed while consuming less 
energy. The finding of such an economical way of 
swimming is more useful for actual robots. Accordingly, 
the speed in body length per second (BL/s) per unit 
power can be taken as an indicator showing how much 
the input energy is converted into the kinetic energy of 
the robot. This dimensional measure, IE, can then be 
expressed as 
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3.2  Setup of experiments  

As illustrated in Fig. 6, some parts of the prototype 
(including actuators, wires, sensors, and structural 
frames) are exposed in air to avoid significant body drag 
and make it easy to handle the waterproof, wiring, and 
measurement issues. The propulsor is submerged in 
water to propel the entire finned prototype. Given that 
the friction force of the linear guide is insignificant, this 
configuration allows us to concentrate only on the op-
timal swimming patterns without considering the effects 
caused by the body drag and frictions. 

During experiments, the prototype performs 
straight-line swimming along the linear guide. Three laser 
sensors (A, B, and C) are used to detect the edge of the 
head and control the process at the respective positions. In 
the beginning, an initial parameter set obtained by GA is 
applied to CPGs to control the swimming. As the pro-
pulsor swims from the resting region to the testing region 
(see Fig. 6), the propulsor starts to regulate its swimming 
pattern once sensor A is triggered. An electric timer is 
used to record the traveling time of the prototype. The 
timer starts counting as soon as sensor B is triggered and 
stops if sensor C is activated. The swimming speed can 
simply be computed according to the recorded time and 
the linear distance between B and C. The power is re-
corded and computed on-line throughout the movement 
from positions B to C. Based on these performance data, a 
new parameter set will be generated by GA and sent to 
CPGs. A new testing run starts and the whole process is 
repeated. The testing runs will not stop until the termina-
tion conditions of GA are met. 
 

A B C

Air
Water

Linear guide

Testing region

80 cm 100 cm

Sliding carriage Laser sensor

20 cm

50 cm

Propulsor Water tank

Rest region

Fin ray  
Fig. 6  Side view illustrating experiment configuration. The pro-
pulsor is in the rest position. Three laser sensors (A, B, and C) are 
used to detect the position at the respective points. 

The control hierarchy applied for the on-line opti-
mization is depicted in Fig. 7.  GA updates the parameter 
set for CPGs, while CPGs produce gait control signals 
for the propulsors. The swimming performance will be 
sent to GA as a feedback to update the parameters set, 
which is a typical closed-loop control structure. The 
non-linear differential equations in the CPG model, Eqs. 
(4) and (5), are solved with the fourth-order 
Runge-Kutta method in the LabVIEWTM development 
environment and implemented with the CompactRI-
OTM embedded controller. GA operates in MatlabTM 
that runs in a PC, while a FTP server is created in PC for 
sharing data between CPG and GA. The gait signals 
obtained from Eq. (4) are coded into 50 Hz PWM signals 
to control the servo motor. 
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Fig. 7  Architecture of the on-line locomotion optimization for the 
biomimetic propulsor based on CPGs and GA (modified from Ref. 
[14]). 

4  Experimental results 

In order to evaluate the optimization effect, ex-
periments were conducted on the biomimetic propulsors 
with different fin-slider pairs. The optimization is first 
performed on an 8-DOF propulsor to find its best per-
formance. Similar experiments are then conducted on 
4-DOF and 6-DOF propulsors, respectively.  

 
4.1  On-line optimization of swimming locomotion  

The control methodology illustrated in Fig. 7 has 
been applied to find the best swimming speed and en-
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ergy efficiency on the 8-DOF propulsor prototype (n = 
8). The generation gap in GA is set to 0.9).  The maxi-
mum value of all amplitudes, Amax, is set to 45˚ (limited 
by the allowable workspace of the slider mechanism) 
and the maximum frequency is set to 2.5 Hz (limited by 
the power of actuators). Initial off-line tests show that 
the maximum speed is unlikely occurred at frequencies 
lower that 1 Hz. Therefore, the range of frequency is set 
to 1 Hz to 2.5 Hz. It is difficult to formally specify 
convergence criteria for GA. Therefore, the termination 
of iterations adopted in the present work is based on the 
following conditions: (i) the solution found in on-line 
testing is better than that of the off-line testing; (ii) no 
better solution appears in 5 successive generations. If 
these two conditions are both satisfied, the GA will stop 
evolving. The performance of GA in the optimization of 
swimming speed and energy efficiency is illustrated in 
Fig. 8. The red curve depicts the evolvement of the per-
formance of the best individual in each generation, while 
the blue curve shows the evolvement of the averaged 
performance of each generation. 

In the optimization of speed, the nine parameters in 
the parameter set in Eq. (2) are encoded into chromo-
somes for GA. Each generation contains 16 chromo-
somes or individuals. The search is performed by 50 
generations (16 × 50 = 800 testing runs) in approxi-
mately 1 hr 20 min. It can be seen from Fig. 8 that the 
solutions actually begin to converge within several 
generations. The population of the first generation is 
randomly created and the examples of individuals are 
listed in Table 2. Initially, the best solution (individual 
#2 in generation 1) results in the swimming speed of 
0.44 BL·s−1.After the improvement by GA, the optimal 
solution is found to be individual #371 in generation 24, 
which is listed in Table 3. The fastest speed of the fish 
robot is 0.65 BL·s−1 and the averaged power is 2.8 W. It 
can be seen that in this case the first crank does not move 
because A1 = 0˚. Therefore, the undulatory locomotion 
produces approximately seven-eighths full wave. The 
wave number is less than 1 as the amplitude of the first 
crank is zero. Based on the data given in Table 4, the 
wave profile associated to the fastest swimming is de-
picted in Fig. 9. The envelope can be well fitted by fol-
lowing third-order polynomial function 

3 2( ) 0.1323 0.2125 0.0194
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Fig. 8  Tracking the performance of GA in the experiments of 
on-line locomotion optimization: (a) optimization of speed; (b) 
optimization of energy efficiency. Red curves represent the best 
individual in a generation. Blue curves reflect the averaged 
performance of all individuals in a generation. Data in the first 
several generations are ignored because some individuals in 
these generations approach nearly zero-speed swimming in 
experiments[14]. 

 
Table 2  Individuals of the first generation in optimization of 
speed 

# A1 (˚) A2 A3 A4 A5 A6  A7 A8 F (Hz) U(BL·s−1)
1 0.5 1.9 7.2 12.8 14.9 20.0 25.7 32.8 1.2 0.5 
2 17.1 21.6 22.8 24.5 27.2 31.6 35.8 39.4 1.3 0.44 
3 3.0 6.2 8.5 13.9 20.4 26.8 32.0 34.6 1.1 0.28 
4 0 2.1 2.5 3 5.3 10.5 11.0 15.7 1.0 0 
… …            … … … 
15 1.5 4.0 7.7 15.4 20.2 24.8 28.4 30.5 1.3 0.34 
16 0.5 1.9 7.2 12.8 14.9 20.0 25.7 32.8 1.2 0.29 

 
Table 3  Best individual in optimization of speed (in generation 
24) 
# A1 (˚) A2 A3 A4 A5 A6 A7 A8 f (Hz) P (W) U(BL·s−1)

371 0 3.7 8.7 16.7 21.3 29 35.9 36.9 2.28 2.8 0.65           
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Table 4  Best individual in optimization of energy efficiency (in generation 55) 

f U P IE,max # A1 
(˚) A2 A3 A4 A5 A6 A7 A8 (Hz) (BL·s−1) (W) (BL·J−1) 

545 0 0.6 6.1 14.1 16.6 17.3 25.3 29.5 1.2 0.25 0.42 0.59 
     

Best speed: U = 0.65 BL·s−1 where IE = 0.23 BL·J−1, f = 2.28 Hz, T = 0.439 s 

(b) 

N
or

m
al

iz
ed

 a
m

pl
itu

de

(a) Body length

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 1.00.9

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 1.00.9

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 1.00.9

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 1.00.9

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 1.00.9

0.0

0.0

0.0

0.0

0.0

0.10

0.05

0.00

−0.05

−0.10

0.10

0.05

0.00

−0.05

−0.10

0.10

0.05

0.00

−0.05

−0.10

0.10

0.05

0.00

−0.05

−0.10

t = 0T

t = 0.25T

t = 0.5T

t = 0.75T

t = 1.0T

Ae(x) = −0.1323x3+0.2125x2−0.0194x−0.0001656

0.10

0.05

0.00

−0.05

−0.10

 
 

Fig. 9  Waveform associated to the optimal speed. (a) Examples of profiles at different times in one undulation cycle; (b) the curves 
captured in the experiment at the same time instance (bottom views). All dimensions are normalized for the propulsor length. The blue 
lines indicate the propulsor profiles at different times.        
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The optimization of swimming efficiency is con-

ducted in a similar manner. Each generation contains 
10 individuals. The termination conditions are met after 
60 generations (600 runs). The range of frequency is set 
to 0.8 Hz to 2.5 Hz, while other settings remain un-

changed. Individual #545 in generation 55 is the op-
timal solution, as given in Table 4. The wave shape of 
the propulsor associated to the energy-efficient swim-
ming is shown in Fig. 10 and is defined by the fol-
lowing polynomial 

6 5 4 3 2

0 0 0.125
( )

7.289 21.9 24.38 12.16 2.5127 0.1707 0.00007 0.125 1.e

x
A x

x x x x x x x
≤ <⎧⎪= ⎨

− + − + − + − ≤ ≤⎪⎩
 (12) 
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Best efficiency index: IE = 0.59 BL·J−1 where U = 0.25 BL·s−1, f = 1.2 Hz, T = 0.833s
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Fig. 10  Waveform associated to the optimal efficiency. (a) Examples of profiles at different times in one undulation cycle; (b) the curves 
captured in the experiment at the same time instance (bottom views).  
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Under the criteria defined by Eq. (10), the most ef-

ficient locomotion of the fish robot achieves a speed of 
15 cm/s with the power of 0.42 W. Compared to the fast 
swimming mode (IE = 0.59 BL·J−1), the efficiency is 
increased by 155.8%. 

One result of the present research is that the en-
velopes given by Eqs. (11) and (12) are different from 
many of existing ones modeled by a parabola equa-
tion[3,18]. In Ref. [3], anguilliform undulation was op-
timized through GA in a 3D simulation. In Ref. [18], 
GA was adopted to find the optimal control parameter 
for a robot tuna. In both cases, GA was used to find two 
curve parameters of a parabola envelope. The physical 
properties of a fish robot (skins, shapes, materials, mo-
tions, etc.) can hardly be identical with those of a real 
fish or settings in a simulation. Therefore, it is not 
convincing to assume that the optimal wave shape is 
also applicable for other fish robots. In contrast, the 
waveform is not predefined in the present work. It is 
completely determined by eight amplitudes of cranks, 
which is the solution of optimization problem solved by 
GA. It can be seen from Fig. 9 and Fig. 10 that the op-
timal wave shapes of the fish robot found by the on-line 
optimization are actually different from a parabola or a 
linear form in both cases. 

As a comparison, the off-line test by trial run is 
also conducted to evaluate the swimming performance. 
In on-line optimization, Amax is again set to 45˚ due to 
the limitation of workspace. By applying different 
kinematics settings, the locomotion speed and energy 
efficiency under different controlling parameters are 
obtained and plotted in Fig. 11. It can be seen from the 
figures that the best speed (0.65 BL·s−1 shown in  
Table 3) found in on-line optimization is better than 
that obtained from the off-line testing (0.61 BL·s−1) on 
the same prototype (see Fig. 11a). The energy effi-
ciency is improved from 0.51 BL·J−1 to 0.59 BL·s−1

 

shown in Table 4. It was found in experiments that if 
the amplitude was larger than 40˚, the speed and en-
ergy-efficiency drop dramatically. Therefore, in  
Fig. 11, data obtained with amplitudes larger than 40˚ 
were filtered. 

 
4.2  Optimization of propulsor structure  

Two more sets of experiments were conducted on 
propulsors with 6 pairs of fin sliders and 4 pairs of fin 
sliders, respectively. The setup of experiment device is 

the same as that shown in Fig. 6. The parameter sets for 
the two propulsors are S = {A1, A2, …, A6; f} and S = {A1, 
A2, A3, A4; f}. In the experiments, the best swimming 
speed is 0.87 BL·s−1 for the 6-DOF propulsor, whereas 
1.23 BL·s−1 for the propulsor with 4-DOF. The best 
energy efficiency index is 0.65 BL·J−1 and 0.58 BL·J−1, 
respectively. The profiles of the two propulsors in one 
undulation cycle are illustrated in Fig. 12 and Fig. 13. 
The experimental results on different propulsors show 
that every propulsor has its unique optimal swimming 
pattern to reach faster speed or save the energy. These 
patterns can be different in various ways (distinct fin 
curvature and swimming frequency). These results 
confirm the necessity of the on-line optimization of 
swimming locomotion as there is not a standard optimal 
swimming pattern for all fish robots. 
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Fig. 11  Off-line testing results of swimming performance: (a) 
swimming speed versus frequency; and (b) energy efficiency 
versus frequency. The experiments are conducted in several 
groups with different amplitudes. The selection of parameters is 
subjected to the power limitation of motors.   
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Fig. 12  Profiles of the 6-DOF propulsor in one undulation cycle: (a) with the fast swimming mode; (b) with the energy-efficient mode. 
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Fig. 13  Profiles of the 4-DOF propulsor in one undulation cycle: (a) with the fast swimming mode; (b) with the energy-efficient mode. 
 

The parameter sets and performance data obtained 
in the speed optimization are listed in Table 5 for a 
comparison. By comparing the absolute swimming 
speed of three types of the fin propulsor, it is found that 
both 6-DOF and 8-DOF configuration of fin sliders yield 
the fastest speed. This result seems to contradict a 

common sense that a larger propulsor driven by 8-DOF 
fins should have the greater absolute speed because it 
will generate larger thrust. One should note that as more 
fin sliders are involved in the thrust generation, the drag 
from water might also increase. Therefore, the absolute 
speed may not be better than that with less fin sliders. 

 
Table 5  Comparison of the speed optimization for different propulsors 

Fin 
Pairs 

L 
(cm) 

A1 
(˚) A2 A3 A4 A5 A6 A7 A8 

f 
(Hz)

P 
(W)

IE 
(cm·J−1)

IE 
(BL·J−) 

U/L 
(BL·s−1) 

U 
(cm·s−1)

8 60 0.0 3.7 8.7 16.7 21.3 29.0 35.9 36.9 2.28 2.8 13.8 0.23 0.65 39 
6 45 17.8 20.2 23.5 28.2 31.8 32.9 - - 2.42 2.8 13.8 0.31 0.87 39 
4 30 25.0 34.4 35.8 43.8 - - - - 2.48 3.3 8.8 0.29 0.95 29       
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Table 6  Comparison of the energy efficiency optimization for different propulsors 

Fin 
Pairs 

L 
(cm) 

A1 
(˚) A2 A3 A4 A5 A6 A7 A8 

f 
(Hz)

P 
(W) 

U 
(cm·s−1) 

U/L 
(BL·s−1) 

IE 
(cm·J−1)

IE 
(BL·J−1)

8 60 0.0 0.6 6.1 14.1 16.6 17.3 25.3 29.5 1.2 0.42 15 0.25 35.6 0.59 

6 45 8.2 13.9 19.1 22.8 29.2 37.0 - - 1.42 0.77 30 0.67 39 0.87 

4 30 23 30.9 33.7 39.8 - - - - 1.51 1.21 21 0.70 17.4 0.58 

 
If the swimming speed is a crucial criterion for the 

design of a fish robot, the two prototypes (6-slider-pair 
and 8-slider-pair) are recommended as they can produce 
the highest speed (39 cm·s−1). The 4-slider-pair propul-
sor is not recommended because of its high energy con-
sumption. The 4-slider-pair propulsor is not recom-
mended because it is less efficient than the other two 
propulsors (see Table 5, IE = 8.8 cm·J−1). By looking into 
the energy consumption of the fast swimming mode, the 
recommendation is still valid as the two propulsors can 
advance almost the same distance by consuming unit 
power (13.8 cm·J−1). If the energy-efficiency is a crite-
rion for the robot design, only 6-slider-pair is recom-
mended. As shown in Table 5, it is the most en-
ergy-efficient propulsor among the three. By looking 
into the swimming speed, the propulsor with 6-slider is 
still preferable because it is able to advance 39 cm by 
consuming unit energy. It can be seen from Table 6 that 
the amplitudes of the first two cranks of the 8-slider-pair 
prototype are almost zero, i.e. the first two fin pairs do 
not move in such a mode. In this case, the 8-DOF fish 
prototype can be deduced to a prototype with 6-DOF. 
This phenomenon also supports that the 6-slider-pair 
should be adopted in the propulsor design for higher 
energy efficiency. 

5  Concluding remarks 

In order to enhance the swimming speed and en-
ergy-efficiency of a multi-actuated swimming robot, an 
experiment-based approach is discussed and applied in 
this paper. The fundamental idea is to enable the 
swimming of a fish robot adaptive to the surrounding 
environment through on-line tuning of swimming gaits.  
It is achieved by two steps: swimming gait generation 
by CPGs and on-line modulation of swimming gait by 
GA. The intention of the on-line optimization stems 
from the consideration that different fish robots would 
have their own optimal swimming patterns. CPGs have 
no intrinsic optimization capability as the dynamics is 
completely governed by non-linear differential equations 

 
and the output may evolve toward undesired directions. 
Therefore, the combination of the GA with CPG model 
will provide CPGs an intelligent property. 

Although there are many theoretical ways to opti-
mize the swimming performance of biomimetic fish 
robots, it is difficult to have a generic way suitable for 
different types due to the un-modeled structures of actual 
robots. As a result, the method proposed in this paper 
provides a practical solution to the problem. The process 
of locomotion optimization can be informative for the 
optimal control of other types of fish robots. It is also 
hoped that the proposed model can be extended or fur-
ther modified, not only for the control of swimming 
robots but also for other types of robots having rhythmic 
locomotion patterns. The optimal fin wave shapes gen-
erated for the present fish robot can be a useful founda-
tion of future works in robotics and fish biology. Ap-
plications of the method in outdoor testing on fish robots 
and the effects of flexible fin segments are not discussed 
in the present paper. These will be topics worth explor-
ing in future works. 
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