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Abstract— This paper addresses the parameter search issue of a Central Pattern Generator (CPG) governed fishlike
swimming. Since the CPG parameters involving amplitudes,
frequencies, and phase lags are closely related to the propulsive performance, an idea optimizing the CPG characteristic
parameters for the maximum propulsive speed is formed and
implemented. Specifically, a dynamic model of robotic fish
swimming using Kane’s method is developed to guide the
primary parameter search. A particle swarm optimization
(PSO) algorithm is further employed to optimize the CPG
parameters for an enhanced performance. Numerical simulations and robotic experiments superior to previously published
results are finally given, validating the effectiveness of the PSObased search scheme.

I. I NTRODUCTION
Over millions of years of evolution and natural selection,
fish have developed astonishing swimming skills, which
are far better than manmade nautical techniques. Highspeed, high-efficiency, and high-maneuverability all attract
researchers to explore and learn fish swimming mechanisms
so as to modify or update the current technologies. As a
aquatic mobile platform for research and experiment, the
biomimetic robotic fish has received increasing attention in
last decades both from biologists and roboticsts. Various
robotic fishes have been created since the first prototype,
RoboTuna, was developed at MIT in 1994 [1]–[4].
Recently, central pattern generators (CPGs) are increasingly used to control the rhythmic movements in robotics
such as legged walking, crawling, and swimming [5]–[7].
Biological CPGs are neural circuits located in the spinal cord
which are responsible for generation of cyclic muscle activation patterns such as respiration, chewing or leg movement
during walking [8]–[10]. CPGs can produce rhythmic signals
without any rhythmic inputs from sensory feedback or higher
control centers. Besides, CPGs have strong robustness, good
adaptability, and easily adjustable output signals. Therefore,
CPGs are well suited for the locomotion control dealing with
multi-articulate or multi-degrees-of-freedom related applications [11].
In the robotic fish field, CPGs are also extensively applied
[12]–[14]. Compared with traditional traveling wave equation, CPGs as online gait generators simply change output
signals’ characteristics and keep smooth and continuous even
This work was supported by the National Natural Science Foundation of
China (61075102) and the Beijing Natural Science Foundation (4102063
and 4122084)
Zhengxing Wu, Junzhi Yu, and Min Tan are with the State Key Laboratory
of Management and Control for Complex Systems, Institute of Automation,
Chinese Academy of Sciences, Beijing 100190, China.
(e-mail: zhengxing.wu@ia.ac.cn)

978-1-4673-2126-6/12/$31.00 © 2012 IEEE

if parameters are changed. So they are very easily used to
control fish locomotion, such as swimming forwards, turning,
swimming up and down, and even swimming backwards
[15], [16]. However, almost all the CPGs involve several
differential equations with many uncertain parameters. How
to tune and modulate suitable parameters for CPGs is still
a difficult problem, because there is no mature and effective
methodology to determine these parameters. Wang et al.
proposed a method to determine CPGs’ parameters through
dispersing the fish body equations [17]; Jeong et al. optimized CPGs’ parameters to minimize the difference between
the desired traveling wave and the link flapping wave forms
of the robotic fish [18]; Hu et al. presented a learning method
to attain the desired signals through designing the learning
rules for intrinsic frequency, coupling weight, and amplitude
of the CPGs [19].
In this paper, we provide a method to optimize feature
parameters of CPGs with the aim to maximize the propulsive
speed of the robotic fish. In order to guide the primary
parameter search, the dynamic model of robotic fish is
firstly developed based on Kane’s method [20]. Then particle
swarm optimization (PSO) [21] is adopted to refine the
feature parameters of CPGs. Eventually, a maximal lengthspecific propulsive speed of up to 1.1428 BL/s (body length
per second) is reached, largely superior to the existing robotic
fish results.
The rest of the paper is organized as follows. Section II
overviews the related work including the CPGs and the
PSO. In Section III, the dynamic model of robotic fish
swimming using Kane’s method is provided. The proposed
parameter optimization method base on the PSO is detailed
in Section IV, together with the simulation and experimental
results. Conclusions and further work are given in Section V.
II. R ELATED W ORK
A. CPG Network
To date, many CPGs models are proposed, such as Matsuoka’s CPGs model [22], [23], Ijspeert’s CPGs model [24]
and Zhou’s CPGs model [25]. The design of a CPG controller
relates to coupling relationship and topology of the network.
A Hopf oscillator based CPGs model is presented in this
paper. With a simple adjacent coupling, the CPGs have much
less parameters. Moreover, the CPGs have several explicit
parameters, which can flexibly adjust the frequencies, amplitudes, and phase lags of the output signals.
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(a) The topology of the adopted CPG network.
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Fig. 3. Coordinate systems defined to describe the generalized fishlike
swimming.

The CPG network for generating fishlike swimming.

ẋi = −ωi yi + xi (ri − x2i − y2i ) + h1 (xi−1 cos ϕi + yi−1 sin ϕi )
ẏi = ωi xi + yi (ri − x2i − y2i ) + h2 (xi+1 sin ϕi + yi+1 cos ϕi )
zi = ci yi

(1)

where the subscript i corresponds to the ith oscillator (i =
1, · · · , n) and n indicates the total number of neural oscillators
in the CPG network. xi , yi denote the state variables of the ith
oscillating neurons. ωi , ri stand for the intrinsic oscillation
frequency and amplitude. ϕi denotes the phase lag of the
output signals. h1 , h2 are positive constants which denote
the coupling strength. zi , ci indicate respectively the output
signal of the ith CPG and the magnification coefficient. In
this paper, we use the same frequency parameter ωi = ω and
phase lag parameter ϕi = ϕ for all oscillators.
B. Particle Swarm Optimization
The PSO algorithm proposed by Kennedy and Eberhart in
1995 is inspired by social behavior such as flocks of birds or
schools of fish [21]. In a D-dimensional space, there are m
particles named X = (x1 , · · · , xm ) in a swarm. Each particle
is a D-dimensional vector, which has its own position xi =
(xi1 , · · · , xiD )T and velocity vi = (vi1 , · · · , viD )T . During the
optimization process, particles store their best positions pi =
(pi1 , · · · , piD )T , global best position pg = (pg1 , · · · , pgD )T and
update their position and velocity by (2).
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vi (t + 1) = ε vi (t) + ϕ1 (pi (t) − xi (t)) + ϕ2 (pg (t) − xi (t))
xi (t + 1) = xi (t) + vi (t + 1)

(2)

where ε is the inertia weight which controls the influence
of previous velocity on the the new velocity. ϕ1 , ϕ2 are

determined as ϕ1 = rand(0, c1), ϕ2 = rand(0, c2), and c1 , c2
are accelerative constants, which impact the convergence
speed of the PSO algorithm.
In the PSO, each particle can update its own position in
accordance with its best position (individual cognition) and
global best position (social cognition). This means that each
particle has the ability to perceive both own and swarm’s best
position, and can adjust its action based on these information.
So the whole swarm reveals swarm intelligence. Since it is
easy-to-realize, can save the calculation cost, and improve
the convergence speed, the PSO is widely used in various
fields [26]–[28].
III. K ANE ’ S M ETHOD BASED F ISHLIKE S WIMMING
M ODELING
In this section we will develop a dynamic model for the
robotic fish using Kane’s method [20]. The Kane’s method
provides an elegant means to derive the dynamic equations
for multibody systems. It relies on partial angular velocities
and partial velocities to formulate expressions for the generalized active forces and the generalized inertia forces, which
are the simplified forms of the forces and moments used to
describe the dynamic equations of motion.
A. Determination of Coordinate Systems
To clearly describe the fishlike swimming dynamics, coordinate systems are illustrated in Fig. 3. Assume that the
robotic fish has n links and a caudal fin is fixed on the
last link. The center of mass of the ith link, Ci (xgi , ygi , zgi ),
coincides with its geometric center. Let li (i = 0, · · · , n−1) be
the length of the ith link and ln denote the distance from the
center mass of caudal fin to the point On−1 . The earth-fixed
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inertial reference frame O − XY Z and the link-fixed moving
reference frame Oi − xi yi zi (i = 0, · · · , n − 1) along the central
principal axis of the ith link are prescribed to express the
interaction between the fish body and the surrounding fluids.
Notice that origin of Oi − xi yi zi (i = 0, · · · , n − 1), Oi , lies in
the beginning point of the ith link, xi is parallel to the axis
of the ith link, yi is perpendicular to the axis of the ith link,
and zi follows the right-hand rule. While in swimming, angle
between the central principal axis of the l0 and X-axis of the
earth-fixed inertial reference frame is θ0 , and angle between
the ith link and i − 1th link is θi (i = 1, · · · , n − 1).
Further define Ri+1
as the transformation matrix from
i
the link-fixed moving reference frame Oi − xi yi zi to Oi+1 −
xi+1 yi+1 zi+1 and R0g as transformation matrix from O − XY Z
to O0 − x0 y0 z0 .

Ri+1
i

R0g



cos θi+1 sin θi+1
=  − sin θi+1 cos θi+1
0
0

cos θ0 sin θ0 0
=  − sin θ0 cos θ0 0
0
0
1



0
0 
1



3) Generalized inertia forces: The inertia force Fini and
inertia moment Mini of the ith link is given below.
Fini
Mini

n
i=0

∂ vCi
∂ ωi
Fini +
Mini ) (r = 0, · · · , n + 2)
∂ q̇r
∂ q̇r

n

Qr = ∑ (
i=0

2) Velocities and accelerations: At the beginning, the
displacement between origin of coordinates Oi , center of
mass Ci and O0 expressed in Oi − xi yi zi (i = 0, · · · , n − 1)
is computed.

T

 rO0 = [0i 0 0]


 rOi = Ri−1 (rOi−1 + [li−1 0 0]T ) (i = 1, · · · , n − 1)
rC0 = rO0 + [0.5l0 0 0]T
(6)

T (i = 1, · · · , n − 1)

r
=
r
+
[0.5l
0
0]

i
C
O
i
i


rCn = rOn−1 + [ln 0 0]T

Assume the velocity of O0 in the earth-fixed coordinate
frame is [ẋ ẏ 0]T . Therefore, the velocity and acceleration
of each center of mass Ci is expressed in Oi − xi yi zi (i =
0, · · · , n − 1).
d
1 0
T
rC + ωi × rCi (7)
vCi = Rii−1 Ri−1
i−2 · · · R0 Rg [ẋ ẏ 0] +
dt i
d
aCi =
vC + ωi × vCi
(8)
dt i

(11)

4) Generalized active forces: In the Kane’s method, generalized active forces are given as follows.

(4)

B. Kinematic Analysis
Next, we will derive the equations to calculate the velocity,
angle velocity, acceleration and angle acceleration for each
link or caudal fin. Select the generalized velocities of the
system as q̇ = [ẋ, ẏ, θ̇0 , θ̇1 , θ̇2 , · · · , θ̇n−1 ]T . In the interest of
simplicity, their form expressed in terms of own moving
reference frame Oi − xi yi zi (i = 0, · · · , n − 1) will be given.
1) Angle velocities and angle accelerations: During the
robotic fish’s swimming, the angle velocities ωi and angle
acceleration αi of the ith link are expressed in Oi − xi yi zi (i =
0, · · · , n − 1) by (5).

ωi = [0 0 ∑i0 d θi ]T (i = 0, · · · , n − 1)



αi = dtd ωi (i = 0, · · · , n − 1)
(5)
ωn = ωn−1



αn = αn−1

(9)
(10)

where mi denotes the mass of the ith link, and Ii is the central
inertia matrix of the ith link expressed in Oi − xi yi zi (i =
0, · · · , n − 1).
In the Kane’s method, partial angle velocity ∂ ωi /∂ q̇r (r =
0, · · · , n + 2) and partial velocity ∂ vCi /∂ q̇r (r = 0, · · · , n + 2)
are used to calculate the generalized inertia force. So the
generalized inertia force of the system is derived as follows.
Kinr = ∑ (

(3)

= −mi aCi
= −Ii αi − ωi × Ii ωi

∂ vCi
∂ ωi
Fi +
Mi ) (r = 0, · · · , n + 2)
∂ q̇r
∂ q̇r

(12)

where Fi and Mi are respectively the net forces and net
moments acting on the fish body and caudal fin when the
robotic fish is swimming.
Next, the force analysis of the robotic fish in the fluid is
provided.
Suppose that the fish only swims in the horizontal plan,
and gets force-balance in the vertical plane. The force
analysis of the body and caudal fin are respectively given.
At first, the relative velocity vRi and acceleration aRi of the
fluid are introduced.


vRi = vCi − vFi
aRi = aCi − aFi

(13)

where vFi , aFi are the velocity and acceleration of the fluid
expressed in Oi − xi yi zi (i = 0, · · · , n − 1).
1) The force analysis of the fish body: The fluid drag
forces action on a body depend on the relative velocity of
the fluid with respect to the body, a drag coefficient relevant
to the fluid and the sharp of body, an effective area of the
body, and the density of the fluid. The method used to obtain
the fluid drag forces is often employed in the case of large
Reynolds number.

 f xi = −0.5ρ CD vRi (1)|vRi (1)|Sxi
f yi = −0.5ρ CF vRi (2)|vRi (2)|Syi

FDi = [ f xi f yi 0]T

(14)

where ρ denotes the density of the fluid, vRi is the relative
velocity of the ith link respect to the fluid, CD , CF indicate
drag coefficient on the y-axis and x-axis, Sxi , Syi show
effective area in the x-axis and y-axis.
The drag moment is given as follows.
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TDi = [li 0 0]T × FDi

(15)
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2) The force analysis of the caudal fin: According to the
basic airfoil theory, lift and drag forces on the caudal fin
depend on dynamic pressure of the fluid, the planform area
of the caudal fin, A, the coefficients of lift and drag CL , CD .
Dynamic pressure is closely related to the density of water,
ρ , and the square of the fluid velocity relative to the caudal
fin. That is,
(
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(16)
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A simulation case for the CPG-governed forward swimming.

C. Dynamic Model


 CL = f1 (α )
CD = f2 (α )
v

 α = arctan( vCn (2) )

(17)

Based on the generalized active forces and generalized
inertia forces derived before, we can obtain the dynamic
equations using the Kane’s method.

Cn (1)

Here we give the expression form of forces L, D expressed
in On−1 − xn−1 yn−1 zn−1 .

FDn



 
FD
cos α
=  FL  =  sin α
0
0

− sin α
cos α
0



0
D
0  L 
1
0

(18)

(19)

3) The moment of the servomotors: τi denotes the moment
′
of the ith servomotor expressed in Oi − xi yi zi , and τi is
expressed in Oi−1 − xi−1 yi−1 zi−1 . So the moment on the ith
link is given.
′

TMi = [0 0 − τi+1 + τi ]T

(23)

By solving these equations, we can get the velocities in
the x-axis and y-axis and the angle velocity of the fish head
and so on, if we provide the servomotors with the signals
outputted by the CPGs.
D. Numerical Simulation

The moment on the caudal fin is,
TDn = [ln 0 0]T × FDn

Kinr + Qr = 0 (r = 0, · · · , n + 2)

(20)

we can derive the net forces Fi and net moment Mi as
follows.
Fi

=

FDi

(21)

Mi

=

TDi + TMi

(22)

Based on the above formulated dynamic model, dynamic
simulation is carried out, where the control signals for the
servomotors are derived from the established CPG model.
The details of CPG’s feature parameters are displayed in
Table I.
Fig. 5 shows a simulation case of the CPG-governed
forward swimming. In particular, a comparison between simulation and experiment on propulsive speed was performed.
During experiments, different frequencies (ω ) were varied
under the condition of ϕi = π /3. As can be observed from
Fig. 6, the simulated speed agrees well with the experimental
value to a great extent. More careful inspection shows that
the experimental value is not continuous when ω > 30. The
reason is that it is beyond the angle speed of the adopted servomotors when ω > 30, and the servomotors fail to track the
desired amplitudes. But in the dynamic model, the limiting
factors are neglected, hence the propulsive speed increases
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(b) The output signals of the CPG model in simulation.

with the rising frequency. Thus, the built dynamic model can
be regarded as authoritative under normal conditions.
IV. P ROPULSIVE S PEED O PTIMIZATION
A. Parameter Optimization
As is previously identified, the propulsive speed is largely
impacted by the amplitude, frequency, and phase lag of the
input signals. So the propulsive speed is optimized based on
the dynamic model of fishlike swimming and the CPG model
(h1 = 1.0, h2 = 2.0, c = 5.0).
v = max{|v̄|}
Subject to

 ωmin ≤ ω ≤ ωmax
rmin ≤ r1 < r2 < r3 < r4 ≤ rmax

ϕmin ≤ ϕ ≤ ϕmax

(24)

(25)

With a full consideration of the characteristics of fishlike
swimming and the mechanism limiting factors, the range of
CPG parameters is outlined in Table II. The shift distance of
the caudal fin is decided by the amplitude and phase lag. Given the fixed amplitudes, the shift distance is becoming larger
as the phase lags decrease. But much stronger oscillator of
the caudal fin leads to an unstable swimming, accompanying
with large roll of the fish head and even unpredicted upand-down motions. So during the optimization, a relatively
large phase lag is chosen. The amplitudes of the links are
restricted to the maximum angle velocity of the servomotors.

Fig. 7.

The simulation results of speed optimization.

Recall that the speed difference exhibited in Fig. 6 is partly
attributed to the unconsidered of mechanism limits in the
dynamic model. Thereby ω is limited to 30. The detailed
range of the feature parameters in simulation are listed in
Table II.
As for the adopted PSO algorithm, the number of particle
in the swarm is 20 and the iteration times is 35. To avoid
the prematurity and diversity reduction of the PSO, 5 random
disturbances to the current optimal results are given. Finally,
with the optimized CPG parameters shown in Table III, a
maximum speed of 0.587 m/s is attained. The speed profile
and the CPG signals are plotted in Fig. 7. Meanwhile, the
same optimized parameters applied to the four-joint robotic
fish prototype (0.50 m in length and 1.24 kg in mass) results
in a top speed of 0.5714 m/s, corresponding to 1.1428 BL/s.
A snapshot of swimming test on the robotic fish is also
depicted in Fig. 8.
B. Discussion
As demonstrated above, simulation and experimental results verifies the presented PSO-based CPG parameter optimization method. Compared with other similar methods
in [18], [19], the optimization procedure removes the need
of setting parameters for fish body equations, or designing
traveling wave of fishlike swimming, or giving teaching
signals. More remarkably, using the achievable maximum
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Snapshot sequence of the robotic fish swimming.

propulsive speed as a measure, our robotic fish with optimized CPG parameters peaks 1.1428 BL/s, entirely superior
to the reported results on miniature robotic fish.
V. C ONCLUSIONS

AND

F UTURE W ORK

In this paper we have proposed a parameter optimization
method for the CPG-governed robotic fish so as to obtain
a higher propulsive speed. A CPG network based on the
Hopf oscillator is firstly designed, whose adjustable feature
parameters involve amplitudes, frequencies, and phase lags
of the outputs. To guide possible search of the CPG feature
parameters, a dynamic model based on Kane’s method is
developed. Next, the PSO is applied to further seek the optimal parameters to maximize the propulsive speed. Simulation
and experimental results are given to show the effectiveness
of the adopted optimization scheme, accompanying with a
propulsive speed of up to 1.1428 BL/s.
The ongoing and future work will focus on online optimization of the CPGs. With enriched sensory information,
the robotic fish is expected to automatically coordinate its
actions with the surroundings through optimizing the CPGs
online. Thus, the self-adaptability of the robotic fish in
aquatic environments will greatly be strengthened.
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