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Research on Target Tracking for Robotic Fish
Based on Low-cost Scarce Sensing Information
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Abstract—Target tracking for underwater robots is always
challenging, due to low-quality sensing information, information
interference, and environmental disturbances. Traditional
sensing methods for underwater target tracking include vision-
based tracking, acoustic-based tracking, etc., but most of the
adopted sensors are extremely expensive or complicated to
achieve the mission. In this paper, we investigate the possibility of
utilizing low-cost scarce sensing information for underwater
target tracking through a robotic fish platform. First, we
introduce the design and control system of the robotic fish
platform. Instead of using cameras and other expensive sensors,
we adopt low-cost infrared sensors as the primary sensors for the
robotic fish, which can only detect the appearance of objects
within the sensing range of each sensor. Second, we present a
target tracking strategy based on the scarce sensing information
and fusion by analyzing and combining the information of two
adjacent consecutive moments of the sensors. Then, a centralized
detection decision tree with fewer branches, fast convergence,
and high purity is proposed. Finally, to verify our method,
several sets of guided target tracking experiments are conducted.
The experimental results show the effectiveness and robustness of
the proposed target tracking strategy based on low-cost scarce
sensing information fusion.

Index Terms—Robotic fish, sensor information fusion,
centralized detection, decision tree, target tracking.

I. INTRODUCTION

INCE underwater vehicles can replace humans to explore
the inaccessible and unpredictable marine environment,
the exploration and cognition of the ocean have entered a
stage of rapid development. As a new type of underwater
vehicle, robotic fish has attracted the interests of scientists and
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engineers around the world. The world's first robotic fish,
Robo Tuna [1], was successfully designed and developed by
MIT in 1994. Subsequently, many different types of robotic
fishes have been developed [2], such as 3D swimming robotic
fish [3], robotic manta ray [4], boxfish-like robot [5, 6],
amphibious robotic fish [7], soft robotic fish [8], wire-driven
robotic fish of our team [9-11], and so on. Although there is a
variety of robotic fishes, the capability of environmental
perception still has a large gap with the real fish, such as target
or predator perception, flow sensing, and acoustic sensing or
communication. Moreover, most of the sensors available on
land are not suitable for underwater environment.

To achieve the abovementioned similar functionalities of
real fish, cameras, inertia measurement unit (IMU), pressure
sensors, acoustic-based sensors, infrared sensors, and etc., are
normally used to improve the perception capabilities for
robotic fishes. Camera is one of the most widely used sensors
to get visual information around[12, 13], but the availability of
the information depends on the imaging quality of the camera.
Some underwater robots employed acoustic-based GPS and
sonar systems underwater localization and environment
perception [14-16], but these sensors are extremely expensive
and more suitable for use in vast waters. Some researchers
mimic the function of lateral line of fish to sense water flow
by installing multiple pressure sensors on the side of the
robotic fish, i.e. the artificial lateral line system of robotic fish
[17-19]. For the type of sensors that can only detect the
appearance of an object (such as infrared sensors, ultrasonic
transducers, etc.), they are mainly used for simple tasks such
as obstacle avoidance, and when combined with IMU,
direction tracking with obstacle avoidance can be achieved
[20]. In summary, fully environmental perception like a real
fish is still a great challenge for robotic fishes. Therefore,
researchers usually only select sensors that meet their needs
for research purposes, such as infrared sensors for obstacle
avoidance, vision for target tracking, pressure sensors for flow
sensing, and so on.

Target tracking, one of the basic underwater perceptional
functions, has been a problematic and hot spot in the research
of biomimetic robotic fish. Most of the target tracking of
robotic fishes are based on visual information [12, 21]. In
2009, Xie et al developed a vision-based autonomous robotic
fish and achieved underwater moving target tracking through a
modified continuously adaptive mean shift (Camshift)
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algorithm. Yu et al. also adopted the Camshift algorithm to
realize the tracking of the stationary target on a two-
dimensional plane by processing the color information in
robotic fish vision [22]. Based on the above, their team
proposed a depth control method based on fuzzy sliding mode
control to realize the tracking of robotic fish on a three-
dimensional plane [23]. Camshift algorithm for target tracking
is mainly based on the color information of the target. Still,
when the target is close to the background color or is occluded
by other objects, the Camshift algorithm will automatically
include it, causing the tracking window to expand, resulting in
inaccurate target positioning, and ultimately loss of the target.
Another tracking method is to adopt global vision [24, 25].
Instead of installing a camera on the robotic fish, the camera is
installed upright above the experimental pool. Although the
centralized method of the global vision platform can produce
the best-coordinated control, it is slow to respond to external
changes, and it is impossible to obtain global visual
information in truly open ocean waters. Moreover, due to the
rich information from camera, the MCU on robotic fish
platform needs time to process, which may cause slow
response. In this work, we want to try the possibility to
achieve the target tracking of robotic fish by only replying on
scarce sensing information, not visual information.

We explore the feasibility of utilizing much simpler and
cheaper sensors for target tracking tasks, such as infrared
sensors, laser sensors, and ultrasonic transducers. Considering
the size of the robotic fish, here, we adopt low-cost infrared
sensors as the primary sensors as an example to achieve our
mission. The infrared sensors can only detect the appearance
of an object within the sensing range. In general, this scarce
sensing information of infrared sensors is hard to deal with
underwater target tracking. But we proposed a target tracking
strategy based on the scarce sensing information and fusion
through analyzing and combining the information of two
adjacent consecutive moments of the sensors; and presented a
centralized detection decision tree with fewer branches, fast
convergence, and high purity for the motion decision of the
robotic fish. Combing the improved CPG model [26, 27] to
control the motion of robotic fish, we achieved the mission of
target tracking.

The rest of this paper is organized as follows. Section 2
describes the mechatronic design of the robotic fish, including
mechanical design and electronics. Section 3 presents a target
tracking strategy based on multi-sensor information fusion.
Section 4 shows the experimental results. Finally, Section 5
contains conclusions and future work.

II. THE SYSTEM DESIGN OF ROBOTIC FISH

The target tracking experiments are carried out on a robotic
fish that has multiple swimming modes, such as cruising,
turning, and pitching. This section mainly introduces the
mechatronics design and motion control of the robot. The
present robot is an improved version and holds the following
improvements compared with the old version [26]: 1) higher
scalability; 2) good watertight design; 3) easy to assemble; and
4) multiple sensors.

A. Mechatronics Design

As shown in Fig. 1, we design a fish-inspired robot platform,
which consists of three parts: a rigid head, a wire-driven active
body, and a compliant tail. The electronic components used by
the robotic fish are contained in the two waterproof sealed
compartments. One is used to install the circuit board and
battery, and the other is used to install the infrared sensors and
LED light. Moreover, silicone gaskets are designed for each
sealed cabin for waterproof sealing. At the same time, to make
the robotic fish scan the objects in front of it, three infrared
sensors are arranged in a symmetrical semi-circular arc
arrangement, and are respectively located at the front, left, and
right positions of the head of the robotic fish. Unlike treating
the head swing of fish swimming as disturbance, we utilize the
head swing of fish swimming, which can better help the
robotic fish to extend the detection range of the target or
obstacle in front of it. The role of the robotic fish dorsal fin
can not only effectively prevent rollover, but also increase the
space for installing the switch. The hollow joint design can not
only reduce the weight of the robotic fish, but also can be
filled with buoyancy materials to adjust the overall buoyancy.
The design specifications of the robotic fish are detailed in
Table 1. The design of other parts (i.e. the active body and
compliant tail) can be examined in our previous work [20].

Switch
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Pectoral fins

Rubbcr{hl‘g
Waterproof sealed
compartment =
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Pressure sensor
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Rigid head Active body
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Fig. 1. The design of the fish-inspired robot platform.
TABLEI
THE DESIGN SPECIFICATIONS OF THE ROBOT FISH

Items Specifications

Dimensions (mm?®) 492(L) x 233(W) x 157(H)

Mass (g) 1122

Microcontroller STM32F103

Battery 7.4VDC 1500-mAH Ni-H battery

Servomotors SAVOX SW-1210S (Active body)
Hitec HS-5086 WP (Pectoral fins)

Infrared sensors GP2Y0A21

Communication module E62-433T20D

Inertial Measurement Unit (IMU) ~ MPU60501

Pressure sensor demagnetizing B30

B. Motion Control

The central pattern generator (CPG) is a neuron circuit that
can produce rhythmic movement without the sensation or
high-level input carrying specific timing information [28].
Similarly, fish also swim in a rhythmic movement. Therefore,
we can employ the CPG model to generate rhythmic
movement for the robotic fish. Our team studied Ijspeert’s
CPG model, which has been successfully applied to the
salamander robot [29], and proposed an improved CPG model
including a new parameter, time ratio R [26]. The equation of
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the improved CPG model is as:

b = k,(0.25k,(B — b) — b), (1)
m = k,,(0.25k,,(M — m) —m), 2)
¢ = (1::)2 - %sign(sin ¢)] w, 3)
a = b+ mcos(¢), e
B = b+ msin(¢), (5)

where b denotes the offset state, B indicates the high-level
control command of offset, k;, is a positive constant
determining how fast b converges to B; m represents the
amplitude state, M indicates the high-level control command
of amplitude, k,, is a positive constant determining how fast
m converges to M; ¢ denotes the phase state; R is the time
ratio between restore phase (t,) and beat phase (t,) in one
period. w denotes the high-level control command of angular
velocity; a is the rotation angle of the servomotor; and £ is an
intermediate variable. Here, we set k;, = 20 and k,, = 20
based on testing.

This improved CPG model has four input control
parameters: the amplitude M, the angular velocity w, the offset
B, and the time ratio R, respectively. The robotic fish can be
controlled to cruise or turn through adjusting these four input
parameters, (M, w, B,R ). For cruising, M # 0, w # 0, B = 0,
and R = 1, while turning, M # 0, w # 0, B # 0,and R > 1.

The only output parameter a, which is used as the rotation
angle of servomotor, thereby indirectly controlling the
bending angle of the active body, @. The relationship between
the angles, @, and @ can be simplified as:

®="a. (©6)

where r denotes the radius of the reel, d is the distance
between two wires. For the robotic fish specifications we
designed, r = 33 mm, d = 36 mm. It is obvious from the
simplified formula that & and @ are proportional.

III. CONTROL STRATEGY BASED ON MULTI-SENSOR
INFORMATION FUSION

A. Scarce Sensing Information Fusion Strategy

It is a challenge to distinguish obstacles and the target
without using the camera. Here, we adopt infrared sensors as
the primary sensors for the robotic fish. The output voltage
value of the infrared sensor decreases with the increase of the
detection target distance. As depicted in Fig. 2, the results
indicate that the sensors’ recognition distance range in water is
approximately 10cm—60cm. According to the working
characteristics of the infrared sensor, different voltage
thresholds can be set according to the different distances of the
objects that need to be detected. In the experiment of this
paper, the threshold distance value for the infrared sensor to
detect objects is set to 25cm, and the corresponding voltage
threshold is 1.5V. If the distance is too close, the robotic fish
may collide with the tracking target easily; and if the distance
is too far, the robotic fish may lose track of the target, thus, a
moderate distance value is selected. Then, through comparing

the output voltage of the infrared sensor with the voltage
threshold, a decision can be made. Because the infrared
sensors can only measure distances but cannot identify objects,
when the robotic fish performs target tracking tasks, the
robotic fish may not identify if it is the tracking target, pool
walls, obstacles, or other objects, causing the mission to fail.
Therefore, we presented a target tracking strategy based on the
scarce sensing information fusion by analyzing and combining
the information of two adjacent consecutive moments of the
sensors. Multi-sensor information fusion is utilized to improve
the overall reliability of the detection system.
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Fig. 2. The voltage output characteristics of the infrared sensors in the water.

Each infrared sensor has only 2 states at each moment, that
is, whether the object is in its detection range; and the three
infrared sensors have a total of 8 states. Then, there are 64
states when the signals of two consecutive moments are
combined. The target tracking strategy adopted in this paper is
proposed based on the following assumptions, and the priority
of the assumptions is reduced: 1). The target has always been
within the tracking range of the robotic fish, that is, there must
be a signal for the target at a later moment. 2). If there is no
signal at the later moment, the robotic fish will move
according to the movement state of the previous moment. 3).
If there is no signal at the previous moment, that is, when the
tracking task is just started, set the target to be in front of the
robotic fish. When the signal value collected by the sensor is
less than 1.5V, it is judged that no object is detected,
otherwise, it is detected. Table 2 shows an example of 8 states
of them, in which TO and T1 are two consecutive adjacent
moments. In these 8 states, the data collected by the sensor at
TO moment are all less than 1.5V, while the T1 moment is a
combination of all 8 possible states. The states 1, 2, 3 can be
derived according to the first assumption. Since there is no
signal at the previous moment, the robotic fish is in the
starting state by default. When there are multiple signals at the
next moment, the robotic fish performs the forward movement,
such as the states 4, 5, 6, and 7. This complies with the third
assumption. As for state 0, which is impossible to occur, the
motion of the robotic fish is set forward. The various
remaining 56 states can be derived according to the above

three assumptions.
TABLEII
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THE TARGET TRACKING STRATEGY BASED ON MULTI-SENSOR INFORMATION
FUSION CENTRALIZED DETECTION

Input
States TO T1 Output
Front Left Right Front Left Right
0 0.79 097 1.11 0.81 0.51 0.75 Forward
1 1.08 028 049 1.76 0.15 0.78 Forward
2 0.11 128 146 0.63 322  1.06 Turn left
3 0.25 0.51 143 0.54 1.32 2.09 Turn right
4 0.46 147  0.06 1.72 3.06 1.08 Forward
5 1.27 148 0.75 2.79 042 177 Forward
6 1.49 125 132 1.03 1.64 227 Forward
7 1.27 141  0.58 2.38 1.69 1.61 Forward
[Sensor | Ed

Global
observation
space

data continuous Jatte: global

Sensor 2
. [Geiad process

Fig. 3. Multi-sensor information fusion centralized detection.

Next, we adopt a centralized detection method to develop a
target tracking strategy. The centralized detection, as shown in
Fig. 3, is to directly transmit all the original information
received by multiple sensors to the fusion center, which is the
target tracking strategy of 64 states. Then, the fusion center
processes this information globally to obtain the detection
result of the target object. In the centralized detection, the
signals collected by the sensors do not need to undergo
separate preprocessing, and the final signal transmitted to the
fusion center is the original continuous signal. Then, the
corresponding 64 states can be derived based on the three
assumptions mentioned above, of which 8 states are shown in
Table 2.

Left T1<1.785
entropy = 1.394
samples = 64

value = [37, 16, 11]
class = Forwarad

True

Right_T1<1.58
entropy = 0.8
samples = 37

value = [28, 0, 9]

class = Forwarad

Front_T1<2.575
entropy = 0.998
samples = 19
value =[10, 0, 9]
class = Forwarad

Right_T0 <1.83
entropy = 1.0
samples = 8
value = [4, 0, 4]
class = Forwarad

Front_T1<1.695
entropy = 1.254
samples = 27
value =[9, 16, 2]
class = Left

Left_ T0<0.185
entropy = 0.944
samples = 18
value = [3, 14, 1]
class = Left

Each of these 64 states has 6 inputs (3 for TO and 3 for T1)
and 1 output, but there are 3 types of outputs, namely forward,
turn left and turn right. From the overall point of view, this
tracking strategy is a three-category problem, which is to
judge different input data and then generate the corresponding
output. The tracking strategy of 64 states can be converted into
training samples, and the model can be generated by using
machine learning. Then, the data collected by the sensors is
directly input into the trained model to generate the correct
classification results. In this paper, the decision tree model,
which is a typical machine learning method, is adopted to train
and classify the tracking strategies of the centralized detection.
Here, the information gain (ID3 algorithm) in the "Impurity"
index, which refers to the size of uncertainty, is employed to
construct the decision tree[30]. Information gain means that
division can bring about an increase in purity and a decrease in
information entropy. Information entropy is a measure of the
uncertainty of a signal or distribution. The information entropy
of perfect data segmentation is 0. The formula of information
entropy and information gain is as follows:

Entropy(t) = — X{Zg p(ilt) logz p(i|t), ™
Gain(D, a) = Entropy(D) — Z%‘:l%Entropy(Di). ®)

where p(i|t) represents the probability that node t is category
i, D is the parent node, D; is the child node, and a in
Gain(D, a) is used as the attribute selection of the D node.
Therefore, the calculation formula for information gain is
the information entropy of the parent node minus the
information entropy of all child nodes. The decision tree of

Left T1<2.85
entropy = 1.224
samples = 9
value = [6, 2, 1]
class = Forwarad

Left T1<2.335
entropy = 0.672
samples = 17
value = [3, 14, 0]
class = Left

Right_T0 <0.95
entropy = 1.5
samples = 4

value =[1,2, 1]

class = Left

Left_ TO<1.29
entropy = 0.918

Left_T1<3.04
entropy = 1.0

samples =9 samples = 2
value = [3, 6, 0] value =[1,0, 1]
class = Left class = Forwarad

samples = 7
value = [1, 6, 0]
class = Left

Fig. 4. The decision tree of centralized detection.
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centralized detection constructed by information gain is shown
in Fig. 4. It can be observed that when the information entropy
is 0, the classification is successful. The brown, green, and
purple tree nodes are the results of successful classification,
representing forward, turn left, and turn right, respectively.
The results show that the centralized detection decision tree
has few branches, fast convergence, and high purity.

Based on the tracking strategy, the target tracking control
structure diagram of the robotic fish is shown in Fig. 5. The
corresponding target tracking strategy is set according to the
setting of different input voltage thresholds. Then, the data
collected by the infrared sensor on the robotic fish generates
continuous signals through centralized detection and is input
to the trained decision tree model, which will generate the
input parameters of the CPG model. The default CPG model
parameters are (M,w,B,R) = (20,4m,0,1) for cruising
straightly, —and  default  parameters (M,w,B,R) =
(30, 4m, £30,2) for steering a turn for the robotic fish. The
CPG model finally outputs the rotation angle a of the
servomotor to control the movement of the robotic fish.

Continuous | Centralized | data IR
ignal stecti PR
G states signa detection Sensors
Voltage
_ thresholds | Target tracking (M,w,B,R)

strategy

Real-time distance (d(t))

Target distance (D)

TheCPG | *  SESESES Output
model
PID
controller

Fig. 5. The target tracking control structure of the robotic fish.

B. PID Closed-Loop Control for Adjustable Speed

The PID closed-loop control is mainly used for robotic fish
to adjust its swimming speed in real-time according to the
distance between itself and the tracking target. In Fig. 5, the
input signal of PID closed-loop control is the target distance
(D), and the feedback signal is the real-time distance d(t)
between the robotic fish and the tracking target. Since the
sampling frequency of the infrared sensor is too high (100 Hz)
compare to the motion cycle of robotic fish, if every real-time
collected information is processed, the robotic fish will not
have time to respond accordingly in one motion cycle.
Eventually, the motion speed will not be converted smoothly,
and the motion will be stuck. To deal with this situation, we
collect 10 signals each time for averaging processing and then
feed them back into the PID controller. Thus, the real-time
distance d(t) between the robotic fish and the tracking target
can be calculated as:

d(®) = I, di(0), ©)
where N(N = 10) is the number of times the signal is
sampled, and d;(t)(i = 1,2,...,10) is the real-time distance
of the ith sampling at the same time interval.

The deviation signal (e(t)), which is the input of PID
controller, is calculated as:

e(t) =D —d(t), (10)

The flapping angular velocity w(t), one of the CPG model
input parameters, can be obtained through PID controller, and
the equation is as follows:

de(t)

W(t) = K, X e(t) + K X [ e(dr + Ky x =2, (1)
41, w(t) <0
w(t) =44 —wt) x =2 0 <w(®) <45 (12)

21, w(t) =45

where w(t) is the only variable CPG parameter to adjust the
swimming speed of the robotic fish, and K,,, K; and K; denote
the proportional, integral, and derivative coefficients of the
PID controller, respectively. Before the experiment, we first
test the speed changes of the robotic fish at different distances
between itself and the tracking target and determined the
values of K,,, K; and K; to be 3, 0, and 0.05, respectively.
Finally, a piecewise function is used to determine the output
signal w(t) of the PID controller so that the robotic fish can
adjust its speed in real-time. The value of w(t) generated by
the PID will override the w(t) value output by the decision
tree to adjust the speed without affecting the motion decision.

IV. EXPERIMENTS

To validate the target tracking strategy of the robotic fish,
several sets of experiments are conducted in a pool with the
dimensions of 4000mx=2110mmx1000mm. The experimental

platform is shown in Fig. 6. A camera is installed on a frame
that is 3m above the ground and is used to record the
experimental process. There is a hand-held moving arc-shaped
baffle acting as the tracking target of the robotic fish to assist
in completing the experiment. Due to the sweep range
limitation of the infrared sensor, we chose the arc-shaped
baffle as the target to ensure that the robotic fish would detect
at least one signal at any time.

i ¥ Camera

1
|
A ! The camera shelf

4
‘\‘
|
I Rectangular pool

i

I
‘a

Robotic fish ‘t

I Arc-shaped baffle

Fig. 6. The experimental platform of the robotic fish.

A. Simulation

Before carrying out the experiments, it is necessary to
verify the validity of the target tracking strategy via simulation.
The simulation is realized through python and imitates the
working condition of the real infrared sensors, when infrared
sensors recognize the target, pool wall, or obstacle, they will
enter the sensing state. The two signals at adjacent consecutive
moments will be recorded and input into the tracking strategy
of 64 states to obtain the corresponding output. Then, different
tracking target trajectories will be set through simulation to
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check whether the sensor can actually work and complete the
target tracking tasks. Fig. 7 (a) and (b) depict the simulation
results of the robotic fish target tracking along the curved
trajectory, and tracking the target with an obstacle disturbance,
respectively. As shown in Fig. 7 (a), the robotic fish can
complete tracking the curved trajectory, while the result is not
very satisfying since the robotic fish is only set to swim
straightly to track the target. As shown in Fig. 7(b), the robotic
fish can track the target while avoiding the obstacle
disturbance. Since the simulation does not consider the head
swinging and the turning radius of the robotic fish, the
trajectory of the simulation result does not fluctuate and the
angle of 90° can be turned by only one turning movement.
Although this simulation experiment was carried out under
ideal conditions, the simulation results can verify the

feasibility of the target tracking strategy proposed in this paper.

Next, it will be further verified through actual experiments.
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Fig. 7. The simulation results of the (a) target tracking along curved
trajectories, (b) target tracking with an obstacle disturbance. (The solid blue
line represents the circular curve of the tracking target. The solid red line
represents the motion trajectory of the robotic fish. The blue dot represents the
tracking target. The black diamond and two black dots represent the infrared
sensors on the front, left, and right of the robotic fish, respectively. When the
infrared sensors recognize an object, the black diamond and dots will change
from black to red. The black star represents the starting position of the
tracking process. The black pentagon is the mark point of the center of the
circle. The larger black dot is the obstacle.)

B. Target Tracking Along Straight Line

The target tracking along straight-line experiment is mainly
to verify whether the robotic fish could adjust its swimming
speed according to the distance from the front target. The
robotic fish adopts the PID closed-loop feedback control as
mentioned above to change the flapping frequency in real-time
to adjust its swimming speed. In this experiment, we set a
fixed distance value of 25 cm between the robotic fish and the
tracking target. Because the robotic fish swims along the
straight line in this experiment, only one set of CPG control
parameters needed to be set. The three CPG parameters M, B,
and R are set as constant, which are 20, 0, and 1, respectively.

The other parameter w is continuously updated by the PID
controller. The coefficients K, , K; , and K; of the PID
controller are 3, 0, and 0.05, respectively, which are obtained
from the analysis in Section 3.

Fig. 8 shows the results of target tracking along straight-line
experiment, and the real-time output value a of the CPG
model and the distance to the tracking target of the robotic fish
can be seen in Fig. 9. During the period of Os to 4.16s, the
tracking target is rather far away from the robotic fish, to catch
up with the target, the robotic fish increases the flapping
frequency to swims fast. The same scenario occurred after
8.22s. At 4.16s, the robotic fish began to approach the tracking
target. To prevent the robotic fish from hitting the tracking
target, the robotic fish reduced its flapping frequency to slow
down. The results fully demonstrate the feasibility and
effectiveness of the PID closed-loop control.

0s

*4.16s
~ 5.95-

©8.225

Fig. 8. The target tracking along straight line experiment of the robotic fish.
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Fig. 9. The output value o of the CPG model and the distance to the tracking
target of the robotic fish.

C. Target Tracking Along Curved Trajectories

The robotic fish not only can achieve straight-line tracking,
but also track the target in a curved manner. In this experiment,
we conduct an S-shaped trajectory tracking. The CPG
parameter settings are the same as mentioned above, when the
robotic fish cruises straight; whereas M, w, B, and R are 30,
4m, £30, and 2, respectively, when the robotic fish makes a
turn.

As shown in Fig. 10, the robotic fish can track the S-shaped
trajectory of the target (manual moved) in around 9s. Fig. 11
shows the real-time output value a of the CPG model, which
is the control parameter of the robotic fish in the S-shaped
trajectory experiment. The different colored blocks in the
figure represent the different motions of the robotic fish (i.e.
cruise, turn left, and turn right). From Os to 1.9s, the robotic
fish mainly cruises in a straight line, and it also performs a left
turn to adjust its direction. After 1.9s, the robotic fish again
adjusted its direction by turning right, and then the robotic fish
cruised straight to 5.08s. Subsequently, the robotic fish keeps
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turning left and finally forms a complete S-shaped curved
trajectory. From the experiment, it can be expected that the
robotic fish can track complex curved trajectories.
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Fig. 10. The S-shaped curved trajectory tracking experiments of robotic fish.
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Fig. 11. The output value @ of the CPG model of the robotic fish in the S-
shaped curved trajectory tracking experiment.

D. Target Tracking with An Obstacle Disturbance

In practical situations, we consider that obstacles may
appear on the swimming route of the robotic fish during the
tracking task. Therefore, it is necessary to carry out
corresponding target tracking experiments in this scenario. At
the beginning, we placed an obstacle about 1.5m in front of
the robotic fish, as shown in Fig. 12. At 1.4s, we started to
move the target to guide the robotic fish to move. At this time,
the infrared sensor on the right side of the robotic fish detected
the target and turned right. Then, at 2.3s, the left sensor
detected the presence of an obstacle, and it can still make a
correct decision to move forward for tracking the target. Then,
when the robotic fish is about to hit the wall of the pool, the
right sensor can detect the pool wall, but the robotic fish can
still distinguish which is the tracking target, and turn left to
avoid hitting the wall and track the target to the end.

Fig. 13 (a) shows the real-time infrared sensors signals in
the experiment, where the threshold value set for the three
infrared sensors is 1.5V; and the CPG model output of the
robotic fish at the corresponding time and the state of motion
of the robotic fish in each time period are shown in Fig. 13 (b).
The darker color blocks in Fig. 13 (a) are the raw data
collected by the three infrared sensors, and the lighter color
blocks are the motion judgments generated by the robotic fish
through the tracking strategy based on the sensor information.
The motion states of the robotic fish in the two subgraphs in
Fig. 13 are consistent. Fig. 14 shows the confusion matrix of
the training set and test set of the decision tree model
respectively. From the confusion matrix of the training set, it
can be seen that the predicted result of the decision tree model
is completed correctly, and there is no overfitting. Then we

randomly select 32 sets of infrared sensor data at consecutive
moments as the test set through 10 times and input the test set
into the trained decision tree, and finally, an average accuracy
of 96.875% can be obtained. The result shows that the target
tracking strategy is feasible and effective. What's more, the
success of this experiment proves that the target tracking
strategy is suitable for robotic fish to track targets in a variety
of situations.
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Fig. 12. The target tracking with an obstacle disturbance.
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Fig. 14. The confusion matrix of the decision tree model of the (a) training set
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V. DISCUSSIONS AND CONCLUSIONS

In this paper, we investigated the possibility of utilizing
sensors that could only detect the appearance of objects within
the sensing range to achieve target tracking of the robotic fish.
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The infrared sensors adopted in this work are just one option,
which can be replaced by sensors of similar functions, such as
ultrasonic transducers, and laser sensors. Normally, the scarce
sensing information of infrared sensors is hard to execute
underwater target-tracking tasks. However, through our target
tracking strategy, which fuses the sensing information, and
analyzes and combines the information of two adjacent
consecutive moments of the sensors, we can achieve target
tracking with obstacles disturbances. The strategy is trained
and classified through the decision tree based on centralized
detection. Through Simulations and experiments, the
following conclusions can be obtained: 1) The robotic fish can
adjust its speed in real-time according to the distance to the
tracking target; 2) The robotic fish can achieve target tracking
of complex trajectories; 3) Even in the presence of obstacles
and pool wall, the robotic fish can accurately track the target.
The results prove the feasibility and effectiveness of the target
tracking strategy, and also show the possibility of utilizing
low-cost scarce sensing information for underwater target
tracking even without a camera. Moreover, in real applications,
sensors with a longer detection range can also be selected, but
the size of the robotic fish needs to be redesigned
accordingly.

However, we know that such type of sensors has many
limitations, one cannot execute underwater tracking tasks
relying on this type of sensors alone. We believe the idea in
this paper will offer valuable insight about dealing with low-
quality and scarce underwater sensing information for
underwater robots to execute tasks, and at least can be an
auxiliary approach for underwater tracking systems with
multiple types of sensors.
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