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Embedded Vision-Guided 3-D Tracking
Control for Robotic Fish
Junzhi Yu, Senior Member, IEEE, Feihu Sun, De Xu, Senior Member, IEEE, and Min Tan

Abstract—Visual tracking of free-swimming robotic ﬁsh
remains a great challenge by considering imaging qualities
in aquatic environments. In this paper, we propose a visual
identiﬁcation and positioning method to obtain accurate
position for 3-D tracking control comprising depth control
and directional control. Speciﬁcally, a depth control method
based on fuzzy sliding-mode control is put forward to make
the robotic ﬁsh swim to the preferred target depth and
remain at that depth. A directional control method with
multiple stages is proposed, and a series of control strategies is developed to integrate agile locomotion and control
accuracy. Experiments on depth control and 3-D tracking
control are ﬁnally conducted in an indoor pool. The latest
results obtained indicate that the proposed algorithms are
effective and feasible, which lays a solid foundation for
complex underwater task execution.
Index Terms—Motion control, robotic ﬁsh, threedimensional tracking control, visual identiﬁcation and
positioning.

I. I NTRODUCTION

A

UTONOMOUS tracking in aquatic environments is ideally suited to a great variety of practical applications
such as exploration of marine resources, seabed mapping, and
marine rescue. As a result, autonomous tracking and navigation
play a vital role in the development of autonomous underwater
vehicles (AUVs) [1], [2]. Vision-guided tracking, with the
properties of low cost and high precision, still attracts much
attention, although it is susceptible to nonuniform illumination
and low-quality imaging [3]–[6].
Manuscript received March 12, 2015; revised June 18, 2015;
accepted June 30, 2015. Date of publication August 11, 2015; date
of current version December 9, 2015. This work was supported in
part by the National Natural Science Foundation of China under Grant
61375102 and Grant 61333016, in part by the Beijing Natural Science
Foundation under Grant 3141002, in part by the 2013 Project-Based
Personnel Exchange Programme, and in part by the State Key Laboratory of Robotics.
J. Yu is with the State Key Laboratory of Management and Control
for Complex Systems, Institute of Automation, Chinese Academy of
Sciences, Beijing 100190, China, and also with the State Key Laboratory
of Robotics, Shenyang Institute of Automation, Chinese Academy of
Sciences, Shenyang 110016, China (e-mail: junzhi.yu@ia.ac.cn).
F. Sun and M. 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: feihu.sun@ia.
ac.cn; min.tan@ia.ac.cn).
D. Xu is with the Research Center of Precision Sensing and Control,
Institute of Automation, Chinese Academy of Sciences, Beijing 100190,
China (e-mail: de.xu@ia.ac.cn).
Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TIE.2015.2466555

In general, vision-guided tracking in aquatic environments
can be categorized as tracking with mapping and tracking without mapping. Tracking with mapping is appropriate for situations in which high accuracy is required while environments are
unknown. However, it is characterized by high complexity and
resource consumption. Kim and Eustice [7] proposed a realtime visual simultaneous localization and mapping (SLAM)
algorithm, which obviates the disadvantages of limited visual
field and low-quality imaging. Further, a visual saliency method
was implemented to detect the ships. Lee et al. presented a
single cluster probability hypothesis density filter method for
visual SLAM, which lays the foundation for the tracking tasks
of AUVs [8]. On the other hand, tracking without mapping
is simple and efficient, which provides additional convenience
for known environments. A simple linear iterative clustering
method was utilized for image segmentation. Afterward, the
target position was obtained by the minimum neighbor classifier, and robust control strategies were designed to guide AUVs
[9]. Park et al. designed an optical system mounted around the
entrance of the docking station to guide the AUV to achieve
stable docking [10].
As a bio-inspired AUV paradigm, fishlike robots termed
robotic fish have received increased attention over the past
few decades [11]–[14]. It is expected that a silently moving
agile robotic fish will be more competent than existing AUVs
with rigid hulls and powered by rotary propellers. In particular, robotic fish equipped with powerful vision systems give
impetus to complex and accurate task execution of AUVs.
However, vision-guided tracking in the robotic fish is still challenging, and 3-D tracking control is rarely tackled. For instance,
Hu et al. implemented vision-based target tracking and collision
avoidance following in 2-D space for a robotic fish with a
caudal fin and a pair of simplified pectoral fins [15]. Yu et al.
proposed a vision-based tracking approach in 2-D space for a
robotic fish with multiple control surfaces [16]. Takada et al.
estimated the vision-based target location performance for a
robotic fish with a single joint [17].
Based on our previous work on fishlike propulsion and
maneuvering [18]–[20], this paper focuses on design and implementation of 3-D tracking control for a free-swimming
robotic fish with onboard embedded vision. An overall 3-D
tracking control framework is first proposed. The framework
divides 3-D tracking control problem into depth control and
directional control, which minimizes coupling control variables
and ensures the smoothness and stability of control. The specific contribution made here is that the integration of depth
control and directional control based on the onboard embedded
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Fig. 2. Three-dimensional tracking control framework based on onboard embedded vision.
Fig. 1. Schematic of the embedded vision-guided 3-D tracking control.

vision fairly facilitates the 3-D tracking control of the robotic
fish, thereby greatly expanding the range of 3-D locomotion
capabilities. Compared with the previous research on tracking
control of robotic fishes [15]–[17], a hybrid use of depth control
and directional control is proposed, which resulted to 3-D
positioning estimation. Noticeably, according to the accompanied depth error between desired depth and actual depth, the
proposed fuzzy sliding-mode controller rapidly followed the
desired depth even with model inaccuracies and disturbances.
The proposed model-based control framework is well appropriate for the practical applications of the robotic fish. Moreover,
the improved tracking approach can contribute to enriching
traditional control theories and expanding its application to the
fast-moving robotics field.
The rest of this paper is organized as follows. Section II
briefly describes the 3-D tracking problem and provides a
system framework. The automatic recognition and positioning
method for 3-D tracking is offered in Section III. A depth
control method based on fuzzy sliding-mode control is detailed
in Section IV. A directional control method with multiple stages
and a series of control strategies are developed to integrate agile
locomotion and control accuracy in Section V. Tests and results
are provided in Section VI. Finally, Section VII concludes this
paper with an outline of future work.
II. P ROBLEM D ESCRIPTION AND S YSTEM F RAMEWORK
Fig. 1 shows the schematic of 3-D tracking control investigated in this paper. The coordinate origin of the inertial coordinate system OXY Z is set at the initial position of the robotic
fish. The axis OY is downward perpendicular to the surface,
the axis OZ is forward along the head–tail axis, and the axis
OX is determined according to the right-hand rule. The 3-D
tracking is divided into vision-based positioning, depth control,
and directional control. First, the position of the entrance in
3-D space is calculated based on visual information. Guided
by visual positioning, the fish then swims to the depth of the
entrance center (i.e., the fish reaches the point A) and stays at
that depth. Eventually, course adjustment is executed, and the

fish reaches the point B. When the fish aims at the entrance
center, it swims towards the target rapidly.
A fundamental premise of 3-D target tracking is that the
robotic fish can dive to the preferred depth/ As will be detailed
later, the robotic fish is able to dive or ascend by adjusting angle
of attack of the pectoral fins while maintaining a certain forward
swimming speed. As a consequence, during the depth control, it
is out of the question to acquire steady image data. Meanwhile,
it is not reliable to feed back image data in real time. Specifically, the target depth is obtained once by visual information,
which is programmed in advance. The pressure sensor then
feeds back depth information during the depth control, but
depth feedback from visual information is not available. On
the other hand, when the fish reaches the entrance depth, a
relatively accurate control for course adjustment is required.
It is based on multistage course angles perceived by vision.
Note that the rapidness of swimming should also be taken into
consideration during this process. However, it is contradictory
to guarantee steady image data acquisition and fast swimming.
It is thereby necessary to establish suitable control strategies to
integrate control accuracy and flexible locomotion.
Taking all these factors into consideration, as shown in Fig. 2,
we propose an overall control framework for embedded visionguided tracking in 3-D space. Note that a depth evaluator
is introduced to activate directional control. Once the depth
control manages to make the robotic fish stay at the target depth,
the directional control will be activated duly.
In Fig. 2, e1 is the depth error and e2 is the course error, and
are expressed, respectively, as follows:
e1 (k) = Dd (k) − Dc (k)

(1)

e2 (k) = Ad (k) − Ac (k)

(2)

where Dd (k) and Ad (k) represent the depth and the course
angle from visual information at the kth moment, respectively.
Likewise, Dc (k) and Ac (k) represent the measured depth and
the course angle at the kth moment. In addition, u1 and u2
denote the outputs of the depth controller and that of the
directional controller, respectively.
According to the result of the depth evaluation, the directional control is introduced when the robotic fish maintains the
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desired depth. The depth evaluator is expressed as follows:

1, e1 ≤ e1Th , ė1 ≤ ė1Th
η=
(3)
0, others
where η represents the output of the depth evaluator, e1Th
indicates the threshold of the depth error, and ė1Th denotes
the threshold of the deviation of the depth error. Note that
the directional control is activated when and only when η is
equal to 1.
The body wave model is chosen as the motion control model
for generating fishlike swimming data. A traditional body wave
model is described in the following, which was initially proposed by Lighthill [21]:
ybody (x, t) = (c1 x + c2 x2 ) sin(kx − ωt)

(4)

where ybody denotes the transverse displacement, x indicates
the displacement along the main axis, c1 represents the coefficient of the linear wave amplitude envelope, c2 represents the
coefficient of the quadratic wave amplitude envelope; k is the
wavenumber, and ω is the frequency of the body wave.
According to Liu and Hu [22], an improved body wave model
is adopted to guarantee the stability of the head [23]. The
modified body wave equation is described as follows:

∂ybody (x, t) 
ỹbody (x, t) = ybody (x, t) − c3 x

∂x
x=0
= (c1 x + c2 x2 ) sin(kx − ωt) + c3 c1 x sin(ωt)
(5)
where c3 is a scaling factor. It can be used to adjust the
amplitude envelope of the body wave, which intends to satisfy
the amplitude characteristics when the fish swims.
III. E MBEDDED V ISION -B ASED P OSITIONING
IN 3-D S PACE
It is challenging to identify and locate the target of interest in
aquatic environments. Given that there are limited resources in
embedded systems, it is an effective approach for visual identification and positioning based on the artificial landmarks [24].
To ensure real-time performance and robustness, as demonstrated in Fig. 1, an artificial landmark consisting of color
patches is designed. Note that the color patches can flexibly be
arranged according to a specific rule or set of rules. In practice,
the position in 3-D space can be calculated according to the size
of the landmark.
There are two ways to detect the position of the landmark
center in the image plane, i.e., weak detection and strong
detection. The former is aimed at detecting a single color—red
or blue. The main component of a single color is disposed to
satisfy a loose threshold. Instead, the latter is used to locate
the entrance center, which depends on strong topology relationship between different colors. For the tested robotic fish, the
landmark is oval in the vision field. In terms of the geometric
relationships, the long axis and the short axis of the perceived
ellipse are perpendicular and intersected at the entrance center.
Hence, the axis detection starts from the obtained center, and

Fig. 3. Vision-based 3-D positioning.

then they can be identified according to the topological relationships of different colors as well.
Assume that the end points of the long axis are (u1 , v1 )
and (u2 , v2 ) in the image plane. The length of the long axis
is defined as l. After the position of the entrance center is
derived from visual information, the course angle Ad and the
depth Dd can be calculated according to the pinhole imaging
model. Fig. 3 shows the principle of 3-D positioning, where the
coordinate origin of the camera coordinate system Oc Xc Yc Zc
is set at the center of the camera lens, and the axis Oc Zc denotes
the optical axis. The coordinate origin of the image coordinate
system O1 U V is set at the center of the optical axis in the image
plane. f represents the focal length, and d denotes the distance
between the entrance and the optical center.
Suppose that the distortion of the camera lens is ignored. The
intrinsic parameters of the camera can be expressed as
⎞
⎛
0
u0
fu
⎝0
fv
v0 ⎠
(6)
0
0
1
where (u0 , v0 ) are the image coordinates of the optical center,
and (fu , fv ) are the magnification coefficients from the image
plane to the camera coordinate system. Further, (fu , fv ) can be
described as follows:

fu = sfu
(7)
fv = sfv
where (su , sv ) mean the lengths of per pixel in the axis O1 U
and the axis O1 V .
The course angle Ad can then be calculated as follows:
tan(Ad ) =

(u − u0 ) · su
f

(8)

where (u, v) are the image coordinates of the entrance center.
Similarly, the pitch angle Pd can be computed as
tan(Pd ) =

(v − v0 ) · sv
.
f

(9)

The geometric relationship of the pinhole imaging model is
yielded as
f
R
d= ·R= 
(10)
l
(u1 − u2 )2 /fu2 + (v1 − v2 )2 /fv2
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Fig. 5. Block diagram of depth control based on fuzzy sliding-mode
control.

Fig. 4. Pitching analysis for the robotic fish with artificial pectoral fins.

where R represents the diameter of the artificial landmark.
Eventually, the depth of the entrance center can be calculated
as Dd = d · tan(Pd ).
IV. D EPTH C ONTROL B ASED ON F UZZY
S LIDING -M ODE CONTROL

Fig. 4 illustrates the hydrodynamics analysis when the
robotic fish pitches. The robot is abstracted as a connecting
rod structure including the fish body rod, the left pectoral fin
rod, and the right pectoral fin rod. First, the coordinate systems
are established. Og Xg Yg Zg is the inertial coordinate system.
Oj Xj Yj Zj (j = 0, 1, 2) is the connecting rod coordinate system, where j = 0 denotes the fish body rod and j = 1, 2 denotes
the pectoral fin rod. O0 is set at the center of gravity of the
robotic fish, and O1 and O2 are set at the junctions of the
pectoral fins and the fish body. Oj Xj is along the axis of
the rod j, Oj Zj is along the vertical direction of the axis, and
Oj Yj is determined by the right-hand rule.
In this paper, diving and surfacing of the robotic fish mainly
rely on the independent pectoral fins maintaining a certain
angle of attack. In order to simplify hydrodynamics analysis,
the emphasis will be on the forces generated by pectoral fins,
whereas forces along the axis O0 Z0 produced by other rods will
be ignored. According to Kutta–Joukowski theorem and ideal
potential flow theories, lift forces on the pectoral fins—FL and
FR can be expressed as follows:

FL  = 12 ρCL AL υ L 2
(11)
FR  = 12 ρCR AR υR 2
where ρ is the fluid density, and AL and AR stand for surface
areas of the left and right pectoral fins, respectively. CL and
CR are lift coefficients of the left and right pectoral fins,
respectively. They can be expressed as functions of the angle
of attack δP , i.e.,
(12)

where φ denotes the corrected exponential function, i.e.,
φ = 1 − 0.165e−0.0455λ − 0.335e−0.3λ
with λ being the dimensionless time.

According to the rotation laws of the rigid body, it follows
that:
(FL  · cos δP + FR  · cos δP ) · r = J · δ̈

A. Pitching Motion Analysis

CL = CR = 2π sin δP · φ

As a result, fluid forces acting on the left and right pectoral
fins can be expressed as 0 FL and 0 FR in O0 X0 Y0 Z0 , i.e.,
⎧
T
⎪
⎨0 FL = FL  · sin δP
0
FL  · cos δP
T
(14)
⎪
⎩0 FR = FR  · sin δP
0
FR  · cos δP .

(13)

(15)

where δ represents the pitch angle of the robotic fish, and J
denotes the rotary inertia.
Eventually, the depth of the robotic fish is calculated as
t
υ(t) sin δdt + h(0)

h(t) =

(16)

0

where υ(t) denotes the swimming velocity, and h(0) denotes
the initial depth.
Relying on the given analysis, we can infer that the depth
control is a three-order system that is closely related to the
swimming velocity. Note that real-time feedback of the image
data is not reliable. Although simplified pitching analysis is
significant to guide the depth control, it cannot be used as an
accurate model of the depth control. In addition, disturbance is
caused by deformation of the flexible body when the fish dives
[26]. Therefore, a fuzzy sliding-mode controller is designed for
the depth control. It cannot only overcome the shortcoming
of the inaccurate model but it also suppresses disturbance
during the pitching [27].
B. Design of Depth Controller
Depth control based on fuzzy sliding-mode control is illustrated in Fig. 5, where the sliding-mode surface is designed
based on the depth error. s and ṡ are the switching surface and
its derivative. The inputs of the fuzzy logic controller are s and
ṡ. u̇1 , which is the derivative of the pectoral angle, represents
the output. ks , kṡ , and ku̇1 are the corresponding scaling factors.
First, the inputs of the sliding-mode surface are calculated as
follows:
⎧
⎪
⎨e1 (k) = Dd (k) − Dc (k)
1 (k−1)
(17)
ė1 (k) = e1 (k)−e
Ts
⎪
⎩
ė1 (k)−ė1 (k−1)
ë1 (k) =
Ts
where T s is the sampling period.
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TABLE I
R ULE B ASE FOR THE F UZZY L OGIC C ONTROLLER

Fig. 7. Block diagram of multistage directional control.

2) Design of rule base: On the premise of the existence of
the sliding mode surface, the rule base is well designed to
satisfy sṡ < 0. When s and ṡ are both fuzzied as N B, u̇1
is designed as N B, making sṡ decrease rapidly. Similarly,
when s and ṡ are both fuzzied as P B, u̇1 is also designed
as P B. The designed rule base is tabulated in Table I.
3) Defuzzication: The center-of-gravity defuzzification
method is exploited to calculate the output.
According to the output of the fuzzy logic controller, the
angle of attack for the pectoral fins can be determined as
follows:
u1 (k) = u1 (k − 1) + u̇1 (k) · T s.

(19)

Meanwhile, driving signals are predetermined for servo motors
in the posterior body, which yield the speed necessary to
guarantee free diving of the robotic fish.
Fig. 6. Membership functions of the fuzzy logic controller. (a) Membership function of s. (b) Membership function of ṡ. (c) Membership function
of u̇1 .

Second, the switching surface is designed according to

s(k) = α1 e1 (k) + α2 ė1 (k) + α3 ë1 (k)
(18)
ṡ(k) = s(k)−s(k−1)
Ts
where α1 , α2 , and α3 are adjustment factors with positive
values.
Finally, u̇1 is obtained from the well-designed fuzzy logic
controller.
1) Design of membership functions: s, ṡ, and u̇1 are fuzzied
into five, seven, and seven fuzzy linguistic values, respectively. The linguistic values P B, P M , P S, ZE, N S,
N M , and N B represent positive big, positive medium,
positive small, zero, negative small, negative medium, and
negative big, respectively. Normal distribution functions
are selected as the membership functions, which are
shown in Fig. 6.

V. D ESIGN OF M ULTISTAGE D IRECTIONAL C ONTROL
Emphasis is again put on the depth evaluation, which is
performed during the multistage directional control. In a sense,
the multistage directional control described below is on the
premise that the output of the depth evaluator is equal to 1.
As shown in Fig. 7, the directional control with multiple
stages is implemented. The course angles are measured by the
gyroscope as feedback, guaranteeing the stability of the control
system. The fuzzy controller in the directional control consists
of membership functions, the rule base, and the defuzzication.
The standard trigonometric functions are selected as the membership functions; the ruse base is designed on experience; and
the center-of-gravity defuzzification method is utilized. The
specific methods are depicted in [20]. We remark that, on one
hand, the robotic fish is designed to achieve efficient and agile
locomotion. On the other hand, the maneuverability of the fish
is an encumbrance for steady imaging, which inevitably reduces
control accuracy. As a result, appropriate control strategies
should be proposed to integrate the maneuverability and control
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accuracy in the directional control. The basic strategies are
listed as follows.
1) Continuity and discreteness of control: The course
angles perceived from visual information are discrete,
whereas a single process of directional control is continuous. This control strategy is employed based on a
communication protocol to achieve multistage continuous
control. Apparently, the image-based servo control is decomposed into relatively independent and simple control.
The elaborate strategy can reduce computation in order
to adapt to the processing ability of the embedded chip.
Ultimately, a fast implementation of the directional control
can be achieved.
2) Multistage control: The whole process of directional
control is divided into the yawing and forward stages.
Specifically, course angles are input from visual information, which is followed by angular adjustment. When
the fish head aims at the entrance center, the forward
swimming is switched for a fast arrival at the entrance.
In the yawing stage, the stability control of the fish head
is performed for steady imaging. An improved body wave
model described in (5) is adopted to decrease the swing of
the head. Furthermore, hydrodynamics are modeled based
on a Newton–Euler method. Finally, parameters in the
hydrodynamics model are optimized based on the genetic
algorithm, which is employed to minimize the swing of
the head. (see [23] for more details). The optimized parameters for the stability control are adopted in the yawing
stages, which seeks for steady image data acquisition.
In the forward stages, normal parameters are employed
for rapid swimming. Note that the stability control in
yawing stages can contribute to reliable positioning on
account of steady imaging, whereas forward swimming
with normal parameters can guarantee rapidness of the
directional control.
3) Strong constraint and weak constraint: Motion control
based on fuzzy logic, which is equivalent to the nonlinear
PD control, cannot completely eliminate errors. However,
it enjoys the characteristics of rapidness. Therefore, the
weak constraint based on fuzzy logic is still adopted to
obtain the rapidness. On the other hand, the course angle
from visual information is of high precision; therefore,
it is a strong constraint. Therefore, the visual inputs are
provided in multiple stages, guaranteeing the control accuracy. This strategy allows a rapid and accurate arrival at
the entrance center by combining a strong constraint from
visual information and a weak constraint based on fuzzy
logic.

VI. R ESULTS AND A NALYSIS
A. Simulation Result on Image Processing
A simulation case for detection of entrance center during
cruising was first demonstrated. Based on the weak detection
and strong detection presented in Section III, the entrance center indicated by the landmark could be recognized. Fig. 8 gives

Fig. 8. Simulation result of image processing.

Fig. 9. Mechanical configuration of a robotic fish with embedded vision.
TABLE II
M ECHANICAL PARAMETERS OF THE R OBOTIC F ISH P ROTOTYPE

an underwater video sequence with a sum of 244 frames captured by the camera mounted in the robotic fish, where the white
circle in each frame denotes the detected entrance center. The
simulation result reveals that, although the imaging quality in
aquatic environments is not satisfactory, the adopted detection
method can robustly position the entrance center. Here, each
frame with a size of 640 × 320 pixels can be handled within
about 14.04 ms (PC configuration: Intel Core i3-2100 3.1 GHz,
4G DDR). This real-time performance can satisfy processing
capacity of the embedded system.
B. Experimental Setup
Experiments were conducted in an indoor pool, whose size
is 5 × 4 × 1.2 m3 . As shown in Fig. 9, the robotic fish is
composed of a rigid head housing a CMOS camera, a fourjoint soft body, a crescent caudal fin, and a pair of independent
pectoral fins. The mechanical parameters of the robotic fish
prototype are listed in Table II. In particular, a TI DM3730centered embedded system is well built for visual positioning
and control.
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Fig. 10. Results of the depth control test.

C. Three-dimensional Tracking Experiments Guided by
Embedded Vision
An experiment on depth control was firstly conducted, in
which the depth was measured by a pressure sensor mounted
at the bottom the fish body. The desired depth was predetermined as 40 cm. The results of depth control are illustrated in
Fig. 10, where the depth data were wirelessly transmitted to
the supervisory platform. Given that the data were sent by a
predetermined time interval, the time axis refers to successive
time series. We also defined the depth error as the desired
depth minus the measured depth. Results indicate that the
robotic fish could maintain the desired depth from the tenth
moment. After the steady-state depth errors were analyzed, it
can be concluded that the mean depth error is 1.56 cm, whereas
the variance is 7.38 cm2 . In addition, when the robotic fish
keeps a steady state, the positive depth error means that the
force reaches a balance in shallower waters. In this case, the
pectoral angle of attack should be adjusted to control the fish
to dive. Similarly, the positive depth error means the opposite
control. Experimental results indicate that the fuzzy slidingmode control has a sensitive response, and the control errors
are in the acceptable range. It provides a foundation for the 3-D
tracking control guided by vision.
Then, 3-D tracking experiments were conducted, which integrates the directional control with multiple stages and the depth
control based on the fuzzy sliding-mode control. The artificial
landmark shown in Fig. 1 represents the entrance in 3-D space.
Fig. 11 illustrates a snapshot sequence of 3-D tracking control
captured by an underwater camera. Fig. 11(a)–(f) show that the
robotic fish dived to the desired depth after the depth of the
entrance center had been calculated. Fig. 11(g)–(l) present
the multistage directional control. Guided by visual information, the robotic fish adjusted its course angle and eventually
swam to the entrance center. Similarly, the snapshot sequences
of the 3-D tracking control captured by a global camera are

Fig. 11. Snapshot sequence of 3-D tracking control captured by an
underwater camera.

Fig. 12. Snapshot sequence of 3-D tracking control captured by an
overhead camera.

shown in Fig. 12. Fig. 12(a)–(e) show the process of depth
control, whereas Fig. 12(f)–(l) give the process of directional
control. Experimental results reveal that the proposed algorithms can achieve an accurate arrival at the entrance center in
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Fig. 13. Simulation results of the depth control based on fuzzy slidingmode control.

3-D space. It lays the foundation for complex tasks based on the
embedded vision.
D. Discussion
Chattering reduction is predominant for accuracy in the depth
control based on fuzzy sliding-mode control. The designed
fuzzy logic controller contributes to improving properties of the
controlled variable, which reduces chattering. Meanwhile, the
controlled angle of attack is limited within saturation values.
It reduces the scope of the controlled variable and makes the
controlled variable become flexible and smooth. The chattering
reduction effect of the depth control is illustrated in Fig. 13,
where the pitching model is the same as that described in
Section IV-A. A periodic disturbance is added as well. The
results indicate that depth control based on fuzzy slidingmode control demonstrates a fairly rapid response and a small
overshoot. More importantly, the controlled variable is smooth
and reliable, which substantially reduces chattering.
According to the stability control, optimized parameters for
steady image acquisition can be obtained. However, the optimized parameters affect the rapidness of swimming, which
is illustrated in Fig. 14. The steady forward velocity before
optimization is about −0.9 m/s, whereas the velocity after
optimization is approximately −0.1 m/s. This means that the
swimming velocity after stability control is greatly reduced. As
a result, the multistage control strategy in the directional control
is necessary to integrate control accuracy and agile locomotion.
In general, 3-D positioning based on vision is a relatively
precise approach to acquire the relative position. However,
there still exist errors on account of the complexity of aquatic
environments and the underwater imaging model. Specifically,
the camera is installed in the transparent window; therefore,
the light refracts twice from the target to the camera lens. The
refraction occurs at the surface between the liquid and the glass
window and that between the glass window and the air. Therefore, the proposed positioning method in this paper remains to
be improved for higher requirements of positioning accuracy.
A 3-D positioning method was presented in [28], where circular features were acquired by a monocular camera, and the

Fig. 14. Comparison of the forward velocity (a) before and (b) after
optimization.

refraction described earlier was taken into consideration. It
provides guidance to further investigation.
VII. C ONCLUSIONS AND F UTURE W ORK
In this paper, we have investigated 3-D tracking control of
a robotic fish with embedded vision. First, a vision-based 3-D
tracking framework is designed, which divides 3-D tracking
into depth control and directional control. Second, 3-D positioning using an artificial landmark is employed to guide the
robotic fish. Third, a fuzzy sliding-mode controller is developed
to fulfill depth control. Finally, after evaluating the depth controller, the multistage directional control is implemented. All
these control methods or strategies work together to accomplish a rapid and accurate arrival at the entrance center. The
effectiveness of the proposed control scheme has been further
demonstrated by experiments.
In the future, we plan to improve from the previously developed experimental platform and visual tracking methods. On
the one hand, a concerted effort will be made to keep the robotic
fish neutrally buoyant and stable. The basic idea is to develop
a cushioning device in the head to alleviate the swing effect.
On the other hand, the underwater imaging model could be
investigated. By improving the imaging model, more precise
positioning can be accomplished for more complex requirements. In addition, the data-driven methods provide feasible
and safe alternatives for complex underwater tasks from practical viewpoints [29], [30]. The data-driven techniques would
contribute to promoting the robotic fish to fulfill large-scale
object-oriented missions in unknown aquatic environments.
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