

Abstract—Under the time-varying ocean current

environment, the path tracking control is extremely complex
when the AUV thruster faults or thruster saturation constraints
occur. Different from the existing models with the inverse
control method, a fault tolerant control method was proposed to
AUV thrusters while its velocity information was not available.
Considering the difficulty in constructing a high-fidelity
dynamic model for the AUV and the changes in dynamic
characteristics caused by thruster failures, a adaptive
regression neural networks was used to estimate those unknown
parts of the dynamic model. Meanwhile, to solve the unknown
AUV velocity information caused by the measurement noise
and the sensor faults, a sliding-mode observer was designed for
those velocity variables, and the adaptive rate and control law
was obtained through the Lyapunov stability theory. Finally,
the AUV path tracking simulation was conducted on the
thruster failures.

Index Terms—AUV (autonomous underwater vehicle); Fault
tolerant control; Sliding mode observer; Ocean current;
Thruster saturation constraints

I. INTRODUCTION

utonomous underwater robots (AUV) are currently the
only equipment capable of entering deep sea areas for

marine environment, resource exploration, and underwater
operations [1-3]. Under the time-varying ocean current
environment, AUV displays the highly nonlinear and the
strong coupling characteristic between multi-freedom system.
Because of this, the path tracking control of AUV has always
been a hot research field of marine engineering [4, 5].

For improving the AUV's tracking accuracy, a variety of
intelligent control methods have been shown in current
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research, including the neural network control [6, 7], the
sliding mode control [8, 9], the fuzzy control [10], the
inversion control [11], the adaptive control [12] and so on.
Extensive simulation results show that those proposed
methods can compensate the external disturbances caused by
the ocean current and achieve better tracking accuracy.
However, it is worth noting that most of those control
methods are based on the overall measurable states of AUV,
which means that the position and speed requirements can be
directly obtained. In the practical applications, it has been
found that the velocity information obtained by velocity
sensors generally contains significant noise, especially for
the doppler velocity log (DVL) sensors. Restricted by the
doppler measurement principles, DVL is prone to significant
measurement errors through external environmental
influences. At this moment, when the velocity sensor
malfunctions and applies to the control algorithm, the
incorrect velocity information will lead to a deterioration of
control performance. For example, the neural network sliding
mode method can achieve depth control and good tracking
performance through the measured position and velocity
information. But its control output mutation phenomenon is
extremely serious if there is large measurement noise and
faults in the velocity sensor, which influences the
performance of the thruster. Therefore, it is of meaningful to
research the AUV path tracking control problem when the
velocity information is unavailable.

To avoid the need for AUV speed information while
maintaining high tracking accuracy, many literatures [13-16]
have proposed state observer based the control methods. Su
et al. [16] discussed the set-point control problem based on
the AUV output feedback and proposed an inversion control
method based on observer. Wang et al. [17] showed an AUV
output feedback control method based on the equivalent
output injection method. Reference [18] studied a
fault-tolerant control method of AUV thrusters and adopted a
state observer to obtain the velocity information for the
unmeasurable conditions. In summary, it has been found that
most observers require accurate AUV dynamic models.
However, due to the nonlinearity, the strong coupling
characteristics, and the disturbance of time-varying ocean
currents, it is difficult to construct high fidelity and high
confidence dynamic models [19, 20]. In addition, as the main
driving component of AUV, the thruster works in seawater
for a long time, which is prone to appear time-varying faults
such as aging and insufficient output. In the course of the
actual operation of AUV, the possible thruster failure will
also cause changes in the dynamic model, thereby further
affecting the tracking control effect.

Through the adaptive neural network model inversion, this
paper proposes a fault-tolerant control method for AUV
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thrusters on account of adaptive neural network model
inversion, of which can solve the AUV path tracking control
problems in unknown and complex ocean current
environments where the velocity information is unavailable,
thruster faults occur, and thruster saturation constraints exist.
Considering the difficulty in obtaining the accurate dynamic
model and the accurate representation of the changes
dynamic characteristics caused by the AUV thruster faults, an
adaptive regression neural network is adopted to estimate
those unknown dynamic components, thus achieving thruster
fault-tolerant control without the need for AUV dynamic
models and thruster fault diagnosis. This paper proposes a
sliding mode observer to estimate the unavailable speed
information in response to the significant measurement error
of AUV speed state variables and the control problem caused
by the unavailability of speed variables when the speed
sensor fails. And that the adaptive rate and control law of
neural networks are deduced through the Lyapunov stability
theory. Finally, the application effect is validated through
those path tracking simulations on the "ODIN" AUV.

II. MATHEMATICAL MODEL DESCRIPTION

A. AUV Dynamic Model
In the ship coordinate system, an AUV dynamic model

considering thruster saturation constraints [21, 22] can be
given by
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The physical meanings of each variable in Eq. (1) and Eq.
(2) are detailed in the literature [21,22].

Through converting Eq. (1) to the reference system, the
state model is expressed as:
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Where cV is vector of the ocean current in the Reference
Coordinate System.

In this section, the basic assumption that the inertia matrix

( )M η is known while the force matrix ( , )F η η is unknown.

B. Problem Description
Brief description of the expected objectives of the control

model: For those AUV dynamic models given in Eq. (1) and
Eq. (3), a fault-tolerant control model for AUV thrusters is
established when considering ocean current interference,
thruster failures and unavailable velocity information
conditions. The implementation of the established method
does not rely on the dynamic characteristic and can
compensate for the ocean currents disturbance and the
thruster faults on the overall system.

III. OBSERVER-BASED PATH TRACKING CONTROL
METHOD

A. Control System Framework
Since accurate AUV dynamic models are difficult to

obtain from the strong coupling characteristics among the
working condition, the load and the AUV system sate, the
traditional model inversion control methods can not realize
the fault-tolerant control of AUV. Benefiting from nonlinear
approximation ability of neural networks [19, 23-25], an
adaptive regression neural networks is applied to estimate the
unknown elements in the model inverse process. Through the
Lyapunov stability theory, the adaptive rate of neural
networks is also derived.

When using neural network model inversion method for
AUV path tracking control, the velocity information is
usually required. However, due to the measurement noise and
other interference signals, as well as the time delay between
the velocity information and the position information, an
observer is designed for fault-tolerant control model of the
AUV thrusters of which can estimate the unmeasurable
velocity elements through a sliding mode observer.

B. Adaptive Neural Network Estimation
By using the nonlinear identification ability of neural

networks, the unknown force matrix is constructed based on
an adaptive regression neural network. Compared with
feed-forward neural networks, and it can describe the time
series information from input to output variables, the physical
meanings of each variable in Equation (6) are detailed in the
literature [19,23-26], as shown in Figure 1.

The network output can be described as:

( ) ( , , , )of N WQ    x (6)

Where: Q is hidden-layer output, and the activation function

of hidden-layer neurons is described as 1( ) 1 / (1 )xS x
e

  ; x

is the input vector of the input layer node;  ,  ,  and W
are the weighting coefficients.
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Fig. 1. Adaptive regression neural networks

Through the neural network, the unknown ( , )F η η can be
determined by the optimal network weight value

* * * *, , ,W    and given by:

* * * *( , , , ) fW Q      F (7)

Where: f is the reconstruction error caused by the quantity
of neures in the hidden and semantic layers of the neural
network.

Using neural networks to estimate F, the estimated value
can be expressed as

1
ˆˆ ˆ ˆ ˆ( , , , )WQ x   F (8)

Where ˆ ,W and ˆˆ ˆ, ,   are the estimated values of each weight
value.

According to Eq. (7) and Eq. (8), the estimation error of the
unknown elements ( , )F η η can be described as:
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then:
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Substituted Eq. (10) into Eq. (9), the higher-order term and
the reconstruction error can be defined as:

*Ψ n fWQ W O    (11)

Based on the adaptive methods, the estimation value can
be given by ̂ in Eq. (11). Combine the output of the
regression neural network with the adaptive estimation value
to form the estimation of the unknown part F in the model
inverse. Therefore, through adaptive neural networks, the
unknown part ( , )F η η in the model can be represented as

ˆˆ ˆ ˆˆ ˆ( , , , ) ΨW      F (12)

Assuming that the estimation error can satisfy the
following conditions:

2 2
ˆˆ     F F (13)

Where:  is the normal number.

C. Sliding Mode Observer
For describing the unavailable velocity information, an

adaptive neural network sliding mode observer is used to
evaluate the speed status of the AUV, and the obtained
velocity status variables could realize fault-tolerant control of
the thruster.

Firstly, the intermediate variables for the unknown model
can be given by:

1 2
T TT T T T
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Through the state transformation model shown in [27], Eq.
(3) can be described as:
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Based on Eq. (15), the sliding mode observer can be
constructed and given by:

1 2 1 2 1 1 1 1
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Where: P is the inverse matrix of the positive-definite
matrix P , and the other variables are:
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Then, the equivalent variable is defined as 2 2 2
ˆ  ζ ζ , Eq.

(19) can be obtained:
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Meanwhile, a matrix variable is defined as:
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Through designing the diagonal matrix 1 2,L L , the variable

0A can turn into the Hurwitz matrix [27]. To any positive-
definite matrix 0Q , existing a positive-definite symmetric
matrix P to realize

T 1
o o o

o



    PA A P PP Q (21)

Prove.
By reselecting a Lyapunov function and constructing the

integration variable as:
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Combining with the Young's inequality and the assumed
condition, Eq. (23) can be converted to:
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In viewpoint of Eq. (24), it can be known that the observer
error  is able to converge to zero, which means that the
observer can accurately estimate the velocity information and
provide velocity estimation for the path tracking controller of
the AUV.

Based on the LMI toolbox, the above matrix variables

1 2, ,P L L can be determined. The solution process is
equivalent to solve a feasible element > 0P to realize
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Where: 1 2,M M are also the diagonal matrix.

D. Model Inverse Control
Different from the traditional model-based inversion

control [28, 29], this section utilizes the adaptive regression
neural network and sliding mode observer mentioned above
to achieve fault-tolerant control when the velocity
information is not available for AUV thrusters.

First the chosen sliding surface is given by:

2ˆ 2 ds e e e t      (26)

Where:  is the normal number, ˆˆ,R Re e        , and

̂ can be obtained by the sliding mode observer given in Eq.
(17), the model can be given by:

2 2 1
ˆ ˆˆ  η ζ T ζ (27)

The virtual control instructions can be given by:

2 2cmd R e e ks       η η (28)

Where: k is also the normal number.
Theorem. If the AUV dynamic model in a current

environment can be given by Eq. (1) and (3), the proposed
fault-tolerant control model can be expressed as Eq. (29). By
estimating the AUV velocity state through a sliding mode
observer, the impact of current environment and thruster
faults on path tracking control can be compensated, which
ensures the AUV position error converge to zero.
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Prove.
By selecting the Lyapunov function, the velocity

estimation can be given by:
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Eq. (31) can be also given by:
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Where 2 2 1( )T     , and it has been proven in section 3.3
that this term will converge to zero.

Substituting Eq. (3), (28), and (29) into Eq. (32), then

T 2
2

2 T 1 T

T 1 T 1

T 1 T 1

ˆˆ( ( ( 2 ( , )))

ˆ2 ) ( ) ( )

ˆˆ0.5 ( ) 0.5 ( )

ˆˆ0.5 ( ) 0.5

R R

W

h

s f e e f

e e s tr W W

tr tr

tr h h

 



   



     

   



 

 

        

        

 



   


 
 

V

(33)

And then, Substituting Eq. (9) and (19) into Eq (33), that is
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When the update rate is substituted into Eq.(34), and
combining with the sliding observer error proof mentioned
above, thereby:

2 0V (35)

Stem from the Lyapunov stability theory, the effects of
ocean current interference and unknown thruster faults can be
effectively compensated based on the proposed observer
based AUV path tracking control method，and can make the
AUV position error converge to zero.

IV. SIMULATION ANALYSIS
The path tracking simulations were conducted on Omni

Directional Intelligent Navigator AUV. Besides, the ODIN
AUV has four identical thrusters on the horizontal plane, and
its dynamic model has been studied and shown in [30]
clearly.

Within the prescribed horizontal plane, the home position

is T0.05,0.05,0.01   η , and the home velocity is T0,0,0   η .
By using first-order Gaussian Markov process to describe the
ocean currents [22], the model can be given by:

c c  V V (36)

Where: cV is the amplitude of the ocean current in the
reference coordinate system;  is the Gaussian white noise
with a mean value of -1.5 and a variance of 1; the constant
term  is set to 3; the current direction is π/4 in the reference
coordinate system.

The initial parameters involved in the controller are set as
follows:
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The input layer nodes is set to 4, which responds to the
heading angle information measured by the navigation sensor
and the velocity information estimated from the sliding mode
observer. The hidden-layer nodes is 6, and the output layer
nodes is 3. The initial value of each of the weight variables is
arbitrarily selected from [0, 0.5].

By using the LMI toolbox, the parameters involved in the
sliding mode observer can be given by:
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The initial components are described as:
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In the ocean current environment, the ideal tracking path is
an "8" shaped path and expressed as:

[ , , ],   2sin(0.5 )
2cos(0.25 ),   0.1

d d d d d

d d

x y x t
y t t
 


 

  
(40)

Assuming that the first thruster occurs a 50% thrust loss
ramp fault at the 20th second, and the fault would continue
until the end of the experiment, the simulation function is
given by:
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When a 50% thrust loss ramp fault occurs, Figure 2 to
Figure 5 show the simulation results.

Fig. 2. AUV horizontal path

Figure 2 shows the desired path, the reference path after
passing through the reference model, and the real path of the
AUV. The changes in AUV control signals when considering
thrust faults are shown in Figure 3. Then, due to the slow
changes in thruster faults, the tracking ability of the AUV
decreases, making it difficult to track the required path.
However, the proposed method can modify the reference
output path to meet the saturation constraint of the thruster.

Fig. 3. AUV control signal

Figure 4 shows the AUV tracking errors in the overall
simulation process, indicating that the error is still very small
when the thruster fails (20 seconds). The average of the
absolute errors is [0.0042m, 0.0031m, 0.0012rad] during the
3-DOF motion process, with the variance of [0.011m,
0.008m and 0.004rad]. Based on the proposed sliding mode
observer, the AUV velocity can be well estimated in the
reference coordinate system.

Fig. 4. AUV tracking error

Figure 5 shows the changing law of the state estimation
parameters and actual values, and it can be concluded that
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although there are significant variations between the velocity
estimation and the real values in the initial stage, the relative
errors would reduce to zero quickly (about 3 seconds).

Fig. 5. State estimation parameters and actual values

Through the comparison results obtained from the
conditions of no thruster faults and 50% slow thruster faults,
the path tracking effectiveness is verified without the velocity
feedback information, which can compensate for the sudden
failure on AUV thrusters and achieve path tracking control
under the saturation constraint of the thrusters.

V. CONCLUSION

To achieve highly reliable AUV path tracking control
when considering the ocean current interference and thruster
saturation constraints conditions, a fault-tolerant control
method for AUV thrusters without velocity feedback is
proposed. Besides, the adaptive regression neural networks is
used to estimate the unknown AUV dynamic models, which
avoids the changes in dynamic characteristics caused by the
thruster faults and the limitations of traditional model inverse
control methods. Meanwhile, the proposed method does not
involve the AUV velocity measurement information, thus
avoiding the sensor failures or the large measurement error
problem in the path tracking process. The simulation results
show that the sliding mode observer can accurately estimate
the AUV velocity` state, thereby effectively compensating
for the impact of thruster faults. Through the path reference
output and the thruster output signal, the proposed method
can adjust the reference path to achieve path tracking control
under saturation constraint of the thrusters.
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