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Abstract—Flight control actuators are the primary equip-
ment of the Automatic Flight Control System (AFCS) that
is used to provide short and long term stabilization. Flight
control actuators are electrohydraulic actuators that are di-
rectly connected to the flight control surface. The hydraulic
flow in these actuators is controlled using an Electro-Hydraulic
Servo Valve (EHSV) with reference electrical command. Each
EHSYV has a null bias command to hold the valve in the null
position. The null bias command depends on valve hysteresis,
temperature, hydraulic pressure, and reference acceleration
command. The null bias command and its variation reduce
the tracking performance of the flight control actuators. In
this article, we proposed a neural network bias compensator to
compensate for the EHSV null bias command and improve
the tracking performance of the controller. The nonlinear
Hammerstein-Wiener model of the actuator was estimated from
the test data. Then, a neural network bias compensator was
designed in addition to the lead controller. The performance
of the neural network bias compensator is analyzed through a
series of simulations that demonstrate the desired qualities.

I. INTRODUCTION

The electro-hydraulic servo valve (EHSV) plays an im-
portant role in many areas as it provides a great power-to-
weight ratio and quick response. However, controlling these
servo valves is still difficult due to the nonlinear behavior
and uncertainty of the parameters of EHSV [1].

The tracking accuracy of the flight control actuator is
crucial for the short and long term stabilization of the
helicopter. Hydraulic fluids are used in these actuators to
provide or compensate for large loads. EHSV is a valve
that can be electrically controlled to adjust the hydraulic
flow to the actuator. These valves are the main equipment
of the flight control actuator to achieve precise control of
the position of hydraulic cylinders by reference command.
The natural or null position of the electrohydraulic actuator is
where the direction and magnitude of the hydraulic fluid are
in balance. Due to the nature of EHSYV, a null bias command
must be applied to maintain the position at null position [2].

Classical control theory and feedback linearization are the
main approaches to controlling the EHSV. The disadvantage
of these control approaches is that the controller works
well under nominal conditions. Since both EHSV and other
hydraulic systems have uncertainties in their operation, these
controllers cannot achieve high tracking performance [3].
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Several studies have been published in the literature to
alleviate the effect of parameter uncertainties and unknown
nonlinearities such as sliding mode, adaptive, fuzzy logic,
and neural network controller [4]-[7]. Adaptive and sliding
mode controllers can cope with the parameter uncertainty
of EHSV. However, adaptive controllers have little effect
on nonlinear dynamics, and sliding mode controllers can
produce large control signals due to the chatter problem. The
fuzzy logic controller requires knowledge of the nonlinear
behavior of the EHVS, and the neural network controller
requires a large amount of training data.

As mentioned earlier, the null bias command is required to
hold the null position of the actuator. The null bias command
depends on valve hysteresis, temperature, hydraulic pressure,
and reference acceleration command. It is one of the most
crucial factors that make EHSV difficult to control because if
the correct null bias command is not supplied to the system,
the control performance will deteriorate, or the system cannot
be controlled. The null bias command is the main source of
the nonlinearity, and it can modeled as a dead zone of control
command of the EHSV.

Several studies have demonstrated different controller
methods to overcome the dead zone problem. A parallel
CMAC network to PD controller is proposed in [8], a fuzzy
logic dead zone compensator developed in [9], a neural
network compensator implemented in [10] to overcome the
dead zone of the actuators.

In this article, we proposed a neural network bias com-
pensator to compensate for the EHSV null bias command
and improve the tracking performance of the controller. The
neural network dead zone compensator described in [10] is
used as a reference to model the null bias command of the
EHSV. Two different neural structures are built to predict
the null bias command and provide adaptive compensation
of nonlinearities. The neural network bias compensator is
connected to the linear lead controller to control the position
of the actuator. Therefore, the proposed approach improves
the tracking performance of the controller and compensates
for the nonlinearities caused by the null bias command
using the neural network. Since the neural network structure
helps in improving the linear controller, less training data is
required compared to neural network controller applications.

The remaining parts of this paper are organized as follows.
The nonlinear Hammerstein-Wiener model and classical con-
troller approach are given in Section II. The proposed neural
network bias compensator for EHSV is examined in detail in
Section III. Simulation results of both the classical approach
and the neural network bias compensator are presented in
Section IV. Finally, the paper is concluded in Section V.



II. FLIGHT CONTROL ACTUATOR

A. Overview

The block diagram of the flight control actuator is shown
in Fig. 1. Each flight control actuator has a hydraulic flow
input, shut-off valve (SOV) input, EHSV command input,
hydraulic flow output, and LVDT position output. The SOV
switches the hydraulic flow of the EHSV and the EHSV
controls the flow in the hydraulic cylinder. The mechanical
movement of the cylinder caused by the hydraulic flow
is measured by a Linear Variable Differential Transformer
(LVDT).
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Fig. 1. Block diagram of flight control actuator

B. Actuator Model

The nonlinear model is identified from the test data to
simulate the neural network bias compensator and compare
the performance of the neural network. Test data were
collected from classical control closed-loop test results. A
nonlinear Hammerstein-Wiener model structure was used in
the identification process to preserve the nonlinear properties
of the system. The input of the model was the EHSV
command and the corresponding LVDT position value was
the model output. The system definition toolbox was used
and the dead zone was selected as the input nonlinear rule.
The generated Hammerstein-Wiener model agrees with the
test data by approximately 90% as shown in Fig. 2. The
sampling time of the test data is 0.0001 sec. The details of
the generated model are as follows:
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Fig. 2. Identified nonlinear model response from test data

1) Input Nonlinearity: The input nonlinearity is selected
as a dead zone. The resulting input nonlinearity function is
shown in (1).

0,
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2) Linear Model: The generated linear model can be seen
in (2).
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3) Output Nonlinearity: The output nonlinearity is chosen

as a polynomial. The resulting output nonlinearity function

is shown in (3). Here, x(t) refers the linear output and y(t)

refers to nonlinear output.
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C. Classical Control Approach

The classical control approach to control the EHSV is to
use a linear type controller such as Lead-Lag or PID and
constant null bias command. As mentioned earlier, there is a
command value required for the EHSV to remain in the null
position. Once the EHSV reaches the desired position, this
command value is also required for the EHSV to remain in
that position. To overcome this situation, a bias command is
added to the controller output. This prevents tracking error
that may be caused by the controller. The classical control
approach can be seen in Fig. 3.

However, there are some serious disadvantages to adding
a fixed null bias command value to the controller output.
Firstly, the null bias current is highly dependent on environ-
mental conditions such as the temperature and pressure of the
hydraulic fluid. These environmental conditions can change
the value of the null bias command. Since the EHSV operates
with very small electrical signals, even a small change in the
null bias value can cause large position tracking errors.
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Classical control approach of the flight control actuator

IIT. NEURAL NETWORK COMPENSATOR

The purpose of the neural network structure is to eliminate
the dead zone caused by the null bias command of EHSV and
achieve better tracking performance. To achieve this goal,
two different neural network structures labeled NN1 and
NN2 are used. NN1 and NN2 are designed as two different
neural networks that work together. Each structure contains



a two-layer neural network. While NN1 estimates the dead
zone functions, NN2 compensates for the effects of the dead
zone. Both NN1 and NN2 perform online learning.

A. Dead zone Function Model

The dead zone inverse method is one of the approaches
used to design the dead zone compensator. Therefore, before
constructing the neural network structure, a general dead
zone function should be designed as shown in (4).

glu) <0, u<d_
7= D(u) =<0, —d_ <u<d4 “4)
h(u) >0, u>dy

The boundaries of the dead zone function may be asym-
metric and the system may have nonlinear behavior outside
the dead zone. Therefore, the lower and upper bounds of
the function are defined by different parameters. We assume
that the functions h(u) and g¢g(u) are smooth invertible
continuous functions. If the dead zone function is invertible
and continuous, the inverse of the dead zone is given in (5).

g Hw) <0, w<0
D Yw) =<0, w=0 5)
h—=1(w) >0, w>0

The dead zone inverse function can be defined as follows.
D(D_l(w)) =w+wyny(w) (6)

Where the term wyy(w) is called the modified inverse
function and is used for dead zone compensation. The
equation of modified inverse function wyx(w) is given in

).

g Hw) —w, w<0
wyy(w) =40, w=0 (7
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B. Neural Network Structure

In this study, two neural networks, NN1 and NN2, are
designed and have different purposes. NN1 estimates the
dead zone function given in (4). In this application, NN1 has
the 2-layer feedforward neural network architecture. V and
W are the weights of the 2-layer NN1 feedforward neural
network. The dead zone function is given in (8) and the
estimated dead zone function can be calculated using (9).

7= D(u) = WT tanh (VTu + v) + ¢(u) (8)

7 = D(u) = WT tanh (VIu+ vo) 9)

where the v is the bias values of NN 1, the u is the input vec-
tor of the neural network and u = (w + Wy n)/(maz(|w +
Wpn|) + €). tanh is the hyperbolic tangent function used as
the activation function in the neural network.

NN2 compensates for the dead zone function by esti-
mating (7). NN2 has a 2-layer feedforward neural network

architecture. V; and W; are the weights of the 2-layer NN2
feedforward neural network. The dead zone compensation
function is given in (10) and the estimated dead zone
compensation function can be calculated using (11).

wyn(w) = WlT tanh (VlTw + voi) + € (w) (10)

wyN (W) = VAVZT tanh (Vl-TW + V()i) (11

where the vy, is the bias values of NN2, the w is the input
vector of the neural network and w = w/(|w|+¢). tanh is the
hyperbolic tangent function used as the activation function
in the neural network.

The block diagram of the neural network bias compensator
with a lead controller is shown in Fig. 4. The lead controller
output is defined as r. The neural network bias compensator
takes the w (12) and R (13) and calculates estimated wy
(11). The total EHSV command .y, is calculated using
(14).
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Fig. 4. Neural Network Bias Compensator with controller for flight control
actuator

The tuning algorithms for updating the weights of the
estimated functions for NN1 and NN2 are given in (15) and
(16), respectively.

W = —Stanh (VTu+vo)E— k,SW (15

Wz’ = T tanh (V?W—FVoq;)E—kQTWi (16)

where the FF = r — 7. Here, the expressions V and V;
are the weights of the hidden layers of NN1 and NN2. The
expressions W and W, are the weights of the output layer
of NN1 and NN2. S and T are symmetric matrices and their
values are greater than zero. k; and ko are learning rates and
have small scalar values.



IV. RESULTS

The performance of the neural network bias compensator
is compared with the classical control approach by applying
different position commands to the controller. Pulse and sine
position commands are applied to examine the performance
of the controller. The pulse and sine results of both the
classical control approach and the neural network bias com-
pensator are shown in Fig. 5 and 6, respectively. The neural
network bias compensator has better performance than the
classical control approach. The neural network compensator
eliminates the steady-state error of the controller and in-
creases the action on negative commands.

The parameters of the neural network are taken as follows.
The number of hidden layer nodes of NN1 is 20, and NN2
is 24, respectively. The design parameters of neural network
are selected as S = 1.5xdiag(20,20), T = 7xdiag(24,24),
k1 = 0.001 and k9 = 0.001, V and V; are initialized uni-
formly randomly distributed between —0.1 and 0.1. vy and
vo; are initialized uniformly randomly distributed between
—0.2 and 0.2. W is selected uniformly randomly distributed
between —1 and 1. W, is initialized uniformly randomly
distributed between —0.1 and 0.1.
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Fig. 5. Pulse tracking response of constant bias and NN bias compensator

V. CONCLUSIONS

In this article, we implemented the neural network bias
compensator to compensate for the EHSV null bias command
and improve the tracking performance of the controller. The
nonlinear flight actuator model was estimated from the test
data. The implemented neural network bias compensator was
compared with the classical control approach. Simulation
results showed that the neural network bias compensator both
estimates null bias command and improves the tracking per-
formance of the controller. For future work, the implemented
neural network bias compensator will be applied to a real
flight control actuator.
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