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Abstract: The motor-driven electric brake booster (E-Booster) can replace the traditional vacuum
booster to realize the braking power assistance and active braking. Independent of extra sensors, this
paper proposes a full-state observer for E-Booster based on Unscented Kalman Filter (UKF) in the
presence of a driver’s input force disturbance. The electro-hydraulic system is first modeled, which
includes a nonlinear hydraulic model and the reaction disk’s rubber model. The pre-compression
is designed to produce linear power assistance based on the properties of rubber material. With
the existence of the disturbance, the linear quadratic regulator (LQR) algorithm is used to track the
pre-compression of the reaction disk so that E-Booster is developed into a closed-loop system to
achieve power assistance. The proposed UKF observer can online estimate the states considering the
controller input and disturbance input. To reduce the process error, the hydraulic p-V characteristic is
fitted using the recursive least squares (RLS) method before observation. Furthermore, the simulation
test and vehicle tests are performed to validate the observation effect. In the closed-loop test, UKF
decreases residual error by 16% when compared to the typical Extended Kalman Filter (EKF). The
simulation results remain consistent with the experimental results, demonstrating the effectiveness of
the proposed method.

Keywords: E-Booster; power assistance; pre-compression of the reaction disk; UKF; RLS estimator;
LQR

1. Introduction

X-by-wire actuators have been fully developed and are gradually becoming the stan-
dard actuator scheme due to the civil application of electric vehicles. Electric brake booster
(E-Booster), which decouples pedal force from wheel cylinder pressure via a motor, out-
performs conventional actuators based on servo valves or high-pressure accumulators.
Its benefits include: (1) decreased space, weight, and cost [1,2]; (2) increased adjustable
bandwidth and improved robustness [1]; (3) the ability to reconcile the cooperative energy
regeneration with braking [3]; and (4) higher reliability and fault tolerance [4], wherein
identifying performance features is critical for product adaption and fault diagnosis.

In the practical application of active braking technology, identification of key char-
acteristics is necessary. The behavior of the closed-loop system can be predicted using
key state estimation, which is important for the state-feedback based controller. However,
in the presence of disturbance or measurement errors, the prediction purely based on the
model is partial and inaccurate. As a key component of Model Predictive Control (MPC),
the literature [5–7] devised several nonlinear observers to estimate the state variables.
Furthermore, characteristic curves comprising measurable and unmeasurable states can
characterize system performance. These applications are not just for the controller’s design
stage. The observer signal could also be employed for fault diagnosis [8,9] by residual eval-
uation. As for the E-Booster, the pedal force vs. pressure or pushrod displacement curves,
in general, represent the boost characteristics; meanwhile, the pushrod displacement vs.
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pressure curve reflects E-Booster hydraulic characteristics. However, some of these signals
are either impossible to measure or improper for measurement. For example, E-Booster has
no space for extra sensors to directly measure the pushrod displacement or speed, and the
pedal force sensor does not exist due to high cost. It is valuable to propose an identification
method to estimate the key state.

To improve the observation accuracy of the model, the offline data set is used to fit
the hydraulic system’s characteristics. Some studies characterized the system by a specific
model based on the gathered data under the predesigned excitation signal. To begin,
essential state information would be extracted from the system model, which had been
extensively explored by several researchers. Hong conducted a state variable filter [10]
to generate key kinematic variables, and a state estimate module was created specifi-
cally for sensor signal fusion [11]. After that, an optimization approach, such as the RLS
method [10,12,13] or a parameter estimator based on the observer [14], would be used to
solve the parameters of the constructed model.

The observers based on KF (Kalman Filter) have been frequently used in engineering
because they can efficiently solve the process and measurement noise [15]. However,
since KF is valid only for linear space, a better solution is required for the nonlinear
problem. Ref. [16] proposed a UKF (Unscented Kalman Filter) based motor torque diagnosis
algorithm to estimate the fault parameter. The prior system and measurement noise were
both used, and results were satisfactory. Some researchers considered the noise as the
posterior and added another KF to estimate the covariance. Lee et al. demonstrated that
the dual KF had high convergence performance in parameter estimation [17], and the
constrained vehicle parameters could be updated in real time by the dual KF [18]. In
addition, the literature [19] recommended an adaptive technique to obtain the suitable
covariance matrix for the constrained UKF.

To the best of our knowledge, few previous studies have focused on the full-state ob-
servation of E-Booster system in the presence of driver’s input force disturbance. Full-state
observations obtain more comprehensive information and have the following advantages.
First, the full-state observation facilitates the design of some controllers, such as LQR, MPC,
etc. In addition, some intermediate quantities are artificially set when describing the non-
linear characteristics of the feedback disk and hydraulics. It can not be measured directly
by the sensor, but only by the observer. Therefore, this paper proposes an UKF-based
state observer for recognizing states, which aids in model prediction and fault diagnosis.
During the build process of the observer, the dynamics of reaction disk and nonlinear hy-
draulic system are introduced to the mathematical model. The observer is constructed on a
leverage-like concept with the purpose of the power-assisted process. The pre-compression
of the reaction disk is presented for the linear power assistance, and an LQR controller is
used for the closed-loop position tracking. During the design of UKF, RLS can estimate the
hydraulic p-V characteristics to reduce the model observation error. In addition, the distur-
bance is described by chi-square distribution to facilitate the implementation of UKF based
on Gaussian distribution. The suggested method can effectively estimate full state of the
electro-hydraulic system and realize the online monitoring and state feedback control.

The following is how the rest of the paper is organized: In Section 2, the electro-
hydraulic coupling and reaction disk models are created. Then, in Section 3, an identifica-
tion technique based on UKF considering the disturbance is proposed. To demonstrate the
effectiveness, simulation and experimental results are presented. Finally, the conclusions
are given in Section 5.

2. Modeling
2.1. Electro-Hydraulic Coupling Model

The electro-hydraulic coupling actuator, which consists of a permanent magnet syn-
chronous motor (PMSM), a reducer, and a master cylinder, is the subject of this study
(see Figure 1). A two-stage gear reducer and a screw nut are used in the transmission
mechanism to amplify the motor-driven torque and convert rotation into linear movement.
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The motor load is the result of the superposition of a dynamic torque and a static torque,
as follows:

TL = TS + TD (1a)

TS =
Foplz1z3

2πz2z4η
(1b)

TD = Je θ̈ (1c)

where TL, TS, and TD are the load torque, the static torque, and the dynamic torque.
Fop is the force acting on the pushrod; η is the mechanical transmission efficiency; θ is
the mechanical angle of PMSM; Je is the equivalent inertia of the whole transmission
mechanism; and the equation used to calculate Je is presented as follows:

Je =
1
2

m1r2
1 +

1
2

m2r2
2

z2
1

z2
2
+

1
2

m3r2
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z2
1

z2
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+
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z2
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3
z2
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1z2
3

z2
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4
(2)

where m1, m2, and m3 are the mass of 1st, 2nd, and 3rd gears, respectively. m4 is the sum of
the mass of the 4th gear and nut. m5 is the mass of the screw and output pushrod. r1, r2, r3,
and r4 are the radii of each gear. z1, z2, z3, and z4 are the number of the teeth of each gear. l
is the lead of the screw.

PMSM

Non-contact 

displacement sensor

Angle sensor

Reaction disk

Brake pedal

Input rod

Screw booster

Reservoir

First pair of gears

Second pair of gears

Nut

Return springs

Preload springs

First pistonSecond piston

To the hydraulic 

control unit of ESC

Output 

pushrod

Figure 1. The structure diagram of the E-Booster.

The hydraulic component of the E-Booster is a series dual-chamber brake master
cylinder in Figure 2. Motions of the two pistons are both considered when constructing the
dynamic hydraulic model [20]. The following are the model equations:

ṗm =
Em

Vm − Amcxp
(Amc ẋp − q f − qr)

ṗ f =
Ew

Vf
q f

ṗr =
Ew

Vr
qr

(3)

q f ,r = Cq A

√√√√∣∣∣p f ,r − pm

∣∣∣
ρ

(4)

Without considering the action of the electro-magnetic valve, the remaining terminal
hydraulic system, with the exception of the master cylinder, can be regarded as an airtight
container whose properties can be represented by the p-V curve.
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Connections to reservoir

Seal grooves

2nd Return spring

Intake port

Compensating port

1st Piston 2nd Piston

1st Return spring

Figure 2. Half-cutaway view of the master cylinder.

2.2. Reaction Disk Model

The generalized Maxwell (GM) and Berg models are applied to fit characteristics of
the reaction disk model. The viscoelastic property can be appropriately modeled by GM
model, which consists of the elastic and damping forces [21], while the Berg model is a
convenient method for shaping the friction with a compromise between accuracy and
computation [22].

It is a universally accepted method to model the rubber material by a sequence of
springs, dampers, and frictional elements (as seen in Figure 3c). The viscoelastic part
is described by a GM with a nonlinear spring, while the frictional component uses the
Berg model.

𝑘1

𝑐1

𝑘1

𝑐1
𝑘0

(a) Maxwell (b) Zener

𝑘0

𝑘1

𝑐1

𝑘0
𝑘1

𝑐1

(c) Generalized Maxwell

𝐹𝑓

Figure 3. The schematic diagram of rubber models.

A single Maxwell model is the series connection between a spring and a damper (see
Figure 3a). In addition, the Zener model can be thought as a spring element deposited
with a Maxwell component (see Figure 3b). Hence, the GMM is also acknowledged as the
Maxwell–Zener model.

Ignoring the influence of time-temperature superposition, differential equations re-
flecting the dynamic characteristics of the proposed model are presented as [23]

Maxwell : σ̇ +
k1

c1
σ = k1 ε̇ (5a)

Zener : σ̇ +
k1

c1
σ = (k0 + k1)ε̇ +

k0k1

c1
ε (5b)

where σ is the viscoelastic stress; ε is the viscoelastic strain.
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The complex modulus of the models, which represents the ratio of loss to storage
modulus, can be expressed as

Maxwell : k∗(ω) = k1
iωtr

1 + iωtr
(6a)

Zener : k∗(ω) = k0(xrd) + k1
iωtr1

1 + iωtr1
(6b)

GeneralizedMaxwell : k∗(ω) = k0(xrd) +
1

k0(xrd)

n

∑
j=1

k j
iωtrj

1 + iωtrj
(6c)

where trj = cj/k j, k0 is the nonlinear spring stiffness of GM and k0 = ∂F0
∂x0

∣∣∣
x0=xrd

.

In the quasi-static condition, the nonlinear relationship between the force and defor-
mation can be fitted by the polynomial as follows [23]:

F0 = 6D30xrd
5 + 4D20xrd

3 + 2D10xrd (7)

where D30/D10 and D20/D10 are the constants.
When the uniaxial compressive deformation takes place, the quasi-static stiffness is

damaged and will be recovered after a long time. The recovery process is described by an
exponential damping function

D10 = D10−intrinsic + (D10−damage − D10−intrinsic)e−kDt (8)

where D10−intrinsic is the intrinsic value when the reaction disk stays in a free state for
long enough. D10−damage is every beginning value when the reaction disk just finished a
compression. kD is the fitted parameter, and t is the time since the last compression.

The deformation vs. force curve can reflect the quasi-static behavior of reaction disk
(as seen in Figure 4). The behavior of reaction disk approaches the intrinsic behavior with
the attenuation of D10. The proposed nonlinear GM model method can fit the rubber
material characteristics.

attenuation10D

Figure 4. The quasi-static behavior of the reaction disk.

The Berg model is available for one-dimensional rubber material, and it has the
advantage of balancing the connection between accuracy and computation [22]. In this
research, just the internal friction among the three forces described by the Berg model has
been considered. To avoid repetition, the remaining elastic and viscous forces will not
be shown.
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This model holds that the rubber’s friction force depends on the deformation [24],
and the friction can be calculated using the following equation:

Ff =


Ff s +

x− xs

x2(1− α) + (x− xs)
(Ff max − Ff s), x > xs

Ff s, x = xs

Ff s +
x− xs

x2(1 + α)− (x− xs)
(Ff max + Ff s), x < xs

(9)

where α = Ff s/Ff max, and Ff s is the reference friction force. Ff max is the maximum friction
force. xs is the reference displacement that determines the property of the friction versus
displacement graph with Ff s.The creep and relaxation behavior of proposed GM model is
seen in Figure 5. There is the elastic deformation before the creep. It is more obvious for the
deformation creep phenomenon in the return than the compression process. On the other
hand, Figure 5 shows that the stress is gradually released to the steady state. The model
can reflect both the creep and relaxation function, which has a direct influence on the final
controlled effect.

Figure 5. Creep and relaxation behavior.

2.3. Pre-Compression Strategy Based on the Leverage Model

Figure 6 illustrates the E-Booster’s dynamic structure analogous with the leverage [25,26].
The input force and motor force can be equivalent to the forces on the leverage with the same
direction. According to the leverage model, Fservo can be given by

mp s̈ = Fservo + Fin − pmc Amc − krs
A1

A2
· δ = GRd1(Fin)− GRd2(Fservo)

(10)

where s is the displacement of the piston, which can be approximately replaced by s2. mp is
the piston mass. kr is the stiffness of the return spring. δ is the relative compression between
the surface A1 and surface A2 (seen in Figure 6). GRd1, GRd2 are the transfer function from
the stress to strain.
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Figure 6. E-Booster kinematic model.

The target of this actuator is to realize the proportional amplification of the input force.
The proportionality coefficient is predesigned relying on the driver preference. The refer-
ence signal δre f is the control objective in the following sections. The relationship between
them can be seen in Figure 7. The input force Fin increases from 0 to 1000 N at a constant
rate of 100 N/s. As the input force rises, the deformation difference between the surface A1
and A2 is increasing first and then decreasing gradually. The curve moves to the negative
direction of the y-axis when the boost ratio is enlarged (the positive is the direction of
pressure buildup). To keep the linearity of pedal feel, the input force is directly proportional
to the screw booster displacement s2. The reference deformation difference is designed
according to the boost ratio as seen in the lower figure in Figure 7. Because the quasi-static
behavior of the reaction disk is damaged after being squeezed by the stress, which is
described in Equation (8), the real boost ratio is smaller than the predicted. The target curve
of δ is adjusted downward, which is guaranteed within the limits of the reaction disk to
avoid permanent damage to the rubber material’s characteristics.

Figure 7. The target delta according to the boost ratio.
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In Figure 6, the screw booster displacement s2 is the input signal and the surface
distance δ is the output. The linearized model at time t is displayed as follows:{

ẋ = A(t)x + B(t) ·
[

s2 Fin
]T

y = C(t)x
(11)

where x =
[

pm p f pr ξ1 ξ2
]T ; pm is the average pressure of the master cylinder; p f

and pr are the circuit pressure linked to the front and rear chambers of the master cylinder;
ξ1 and ξ2 are the state variables of the 2nd order transfer function for fitting reaction disk.

3. Closed-Loop Observation Algorithm Design
3.1. RLS p-V Characteristic Estimator

The training data are obtained when the screw booster maintains a constant speed
to realize the increasing and decreasing of pressure. The pressure signal can be directly
measured by a pressure sensor of the master cylinder, and the volume is converted by
the displacement. The displacement vs. pressure curve is used to express the hydraulic
p-V characteristics.

The polynomial fitting curve goes through the origin of coordinates, which can be
obtained by the RLS with the forgetting factor as follows:

ε(k) = yRLS(k)− wH(k)xRLS(k) (12a)

kRLS(k) =
PRLS(k) · xRLS(k)

λ + xRLS
H(k)PRLS(k)xRLS(k)

(12b)

PRLS(k + 1) =
1
λ

[
PRLS(k)− kRLS(k)xRLS

H(k) PRLS(k)] (12c)

w(k + 1) = w(k) + kRLS(k) · ε∗(k) (12d)

where ε is the estimation error, which is the exit condition for the iterations. yRLS is the
expected signal, namely the pedal force. xRLS is a linear sequence related to the piston
displacement (s1 in Figure 6), such as xRLS =

[
s2

1 s4
1 s6

1 s8
1
]
. w is the FIR weighting

coefficient. PRLS is the recursive matrix with the initial value of δI (0 < δ � 1). λ is the
forgetting factor, and the value usually ranges from 0.9 to 1.

When s1 is approximately replaced by s2, Equation (3) can be written in the following
nonlinear form: 

ṗm = ḟRLS(s2)

ṗ f =
EwCq A

Vf

√√√√∣∣∣pm − p f

∣∣∣
ρ

ṗr =
EwCq A

Vr

√
|pm − pr|

ρ

(13)

3.2. Linearization

Taking the average curve of reaction disk in Figure 7, the force vs. deformation curve
can be fitted by a piecewise continuous linear function. The triple piecewise function
passes through the ordinate origin, which contains five coefficients to be solved. The triple
piecewise function is as follows:

f (p, xtrain) = min


p3xtrain,

p4xtrain + p3 p1 − p4 p1,
p5xtrain + p4 p2 − p5 p2

+p3 p1 − p4 p1

 (14)

where p1 and p2 are the x-coordinate of the breakpoint; p3, p4, p5 are the partial slope.
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The solver adopts the trust region reflective method, which transfers the optimal
problem to a series of easier local optimal problems [27]. The fitting results are shown in
Figure 8.

Figure 8. Piecewise fitting for quasi-static behavior.

The dynamic behavior is fitted by a second-order transfer function with two poles and
one zero. The normalized transfer function is described in Figure 9.

Linear fitting function 1

Linear fitting function 2

Linear fitting function 3

Normalization model

(a) Amplitude-frequency curve

(b) Phase-frequency curve

50−

−50

−100

−150

−50

−50

−100

−150

−200

Figure 9. The fitted model for dynamic behavior.

Connected with Equation (14), the linear time-varying model Equation (11) is reached
after linearization at time t.
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3.3. Design of the Controller

For the design of the controller, the driver’s input force is regarded as a disturbance.
Equation (11) is rewritten as following discrete model:{

x(k + 1) = Adx(k) + Bdu(k) + Gdw(k)

y(k) = Cdx(k) + v(k)
(15)

where v(k) is the measurement noise. State variable, control input, uncontrollable distur-
bance, and output are defined as

x(k) ∆
=

[
pm(k) p f (k) pr(k) ξ1(k) ξ2(k)

k
∑

i=0
Ts · e(i)

]T

(16a)

u(k) ∆
= s2(k), w(k) ∆

= Fin(k),y(k)
∆
= δ(k), (16b)

e(k) ∆
= r(k)− y(k) (16c)

where r(k) is the tracking reference; and the integration of error between the reference
and output is introduced to the state to perform the function of tracking. The discrete cost
function is given by

J(u) =
∞

∑
n=0

xTQx + uT Ru (17)

The associated discrete-time Riccati equation is

P(k− 1) = Ad
T P(k)Ad − Ad

T P(k)Bd(PT BdP(k) + R)−1Bd
T P(k)Ad + Q (18)

Through Riccati iteration, the solution of the Riccati equation is represented as P(∞).
The state feedback gain of control law u = −Kx is calculated by

K = (R + Bd
T P(∞)Bd)

−1Bd
T P(∞)Ad (19)

As long as the eigenvalues of A − BK are in the unit circle of z plane, the control
method is stable.

3.4. Unscented Kalman Filtering

UKF is developed as an extension of Kalman Filter in nonlinear systems. It is easier to
use for nonlinear structural dynamics [28] because it avoids the complicated computation of
the nonlinear Jacobian matrix and roundoff error. That is, it is much easier to approximate
a probability distribution than an arbitrary nonlinear function. Like Kalman Filtering
5 renewal equations, UKF is divided into five steps, as illustrated in Figure 10.

Dynamic electro-

hydraulic model 

prediction

Covariance  prediction 

matrix according to 

Sigma point set

Predictive 

measurements by Sigma 

points

Covariance of 

measurements

Covariance between 

measurements and state

Kalman gain matrix State update

Covariance update

Outliers elimination

Weighted sum of state 

variable according to 

Sigma point set

Step 1:

Step 2:

Step 3: Step 4:

Step 5:
( 1)P k +

( 1)K k +

XZP

ZZP

( 1| )Z k k+

( 1| )X k k+( 1| )P k k+

( 1)X k +

( )X k

( )Z k

( 1| )Z k k+

UKF

LQR controller

Disturbance

Plant

𝐹𝑖𝑛

𝐹𝑖𝑛

𝑠2

𝑠2

Measurement

Input

Controller output

Figure 10. The topology of UKF simulation.
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• Step 1: State and measurement are predicted based on state-space through two Un-
scented Transformation (UT) [29]. The Sigma point set can be used to predict state
and covariance:

χ(i)(k + 1|k) = f (χ(i)(k), u(k)) (20a)

x(k + 1|k) =
2n

∑
i=0

ω
(i)
m χ(i)(k + 1|k) (20b)

P(k + 1|k) =
2n

∑
i=0

(
ω

(i)
c [x(k + 1|k)− χ(i)(k + 1|k)] [x(k + 1|k)− χ(i)(k + 1|k)]T

)
+ Q(k) (20c)

where n is the dimension of state vector. χ(i) is the Sigma point set. ω
(i)
m and ω

(i)
c are

the weighting factor aggregate of Sigma points and covariance, and the number of
elements in the set is 2n + 1. Q(k) is the covariance matrix of state-space updating
error. Then, measurement’s prediction is then acquired by a second UT transform
aimed at state’s prediction:

z̄(i)(k + 1|k) =h(χ̄(i)(k + 1|k), u(k)) (21a)

z(k + 1|k) =
2n

∑
i=0

ω
(i)
m z̄(i)(k + 1|k) (21b)

where χ̄(i)(k + 1|k) is the Sigma point set of x(k + 1|k);
• Step 2: The internal covariance of the measurement and the cross-variance between

measurement and state can be calculated by

Pzz =
2n

∑
i=0

(
ω
(i)
c [z(k + 1|k)− z̄(i)(k + 1|k)] [z(k + 1|k)− z̄(i)(k + 1|k)]T

)
+ R (22a)

Pxz =
2n

∑
i=0

(
ω
(i)
c [z(k + 1|k)− χ̄(i)(k + 1|k)] [z(k + 1|k)− z̄(i)(k + 1|k)]T

)
(22b)

where R is the covariance matrix of measurement error;
• Step 3–5: After the procedure of forecasting, the Kalman gain, the observer’s state,

and covariance matrix are updated:

K = PxzP−1
zz (23a)

x(k + 1) = x(k + 1|k) + K(z(k)− z(k + 1|k)) (23b)

P(k + 1) = P(k + 1|k)− KPzzKT (23c)

It is remarkable that the input disturbance is involved in the state space, namely the
driver’s input force. The driver’s intention is assumed to follow the chi-square distribution
with N degrees of freedom, which means a higher probability of weak braking conditions
than strong braking. The N standard normally distributed noises are also considered the
error of the state estimation, plus full-state estimation errors, so there are N + 5 process
noises obeying normal distribution.

It is necessary to tune the noise covariance and the dispersion degree of sigma points
appropriately to improve the observation effect of UKF. The tuning effect can be evaluated
by a 1σ boundary of the state estimation error covariance matrix. Because UKF is very
sensitive to the initial value of the noise covariance and the driver input force perturbation
varies over a wide range, the use of adaptive noise covariance often leads to large deviations
of the initial computed value from the true value and requires extra time for convergence.
In addition, UKF usually introduces algorithms to correct the covariance matrix to ensure
the positivity of the covariance matrix. However, the dynamic calculation of the noise
matrix will disturb the positivity condition and lead to the impossibility of achieving the
Cholesky decomposition.
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4. Observation Results of Simulation and Vehicle Test
4.1. Simulation Results

The simulation verification contains the open-loop test and the closed-loop test with
the power-assisted controller. The manipulated input is the pushrod displacement s2,
and the disturbance input is the driver’s pedal force, which is assumed to follow the
chi-square distribution with n = 1. The white noise with a covariance of 2.5× 10−3 is added
to the measurement δ in the simulation, while the noises with covariances of 0.25, 0.25,
0.25, 1× 10−8, 1× 10−8 are added to the states to simulate the process error during state
prediction. In addition, the Extended Kalman Filter (EKF) is used as the control group to
validate the effect of UKF.

In the open-loop test, the pushrod input uses the ramp signal with the slope of 2 mm/s
and a simulation period of 10 s, which is enough to cover the majority of the hydraulic
nonlinear interval. As shown in Figure 11, two top subfigures are the manipulated input
and disturbance input of the system, and the bottom subfigures are the representative
states x2 and x4 for the comparative performance evaluation. The x2 observation error of
UKF evenly increases with the growth of state. In addition, the behavior of EKF is superior
to UKF when x2 exceeds 2.5 MPa; however, the error of EKF is more than that of UKF
when x2 is under 2.5 MPa, which is influenced by the nonlinear process of the system.
The observation effect of UKF for state x4, which is related to the reaction disk, is better
than EKF at all stages.
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A comparison of the output variables and the extra measured noise superimposition
is shown in Figure 12a. The residual comparison between the two observers is depicted
in Figure 12b. The forward process is accompanied by larger residuals, which has no
correlation with the noise. The UKF has an improved effect on the residual compared
to EKF. The root mean square errors (RMSE) of two observers are displayed in Table 1,
and the residual of EKF decreases by 12.75% relatively in the open-loop simulation.

Figure 11. The input and states in the open-loop test.

A comparison of the output variables and the extra measured noise superimposition
is shown in Figure 12a. The residual comparison between the two observers is depicted
in Figure 12b. The forward process is accompanied by larger residuals, which has no
correlation with the noise. The UKF has an improved effect on the residual compared to
EKF. The root mean square errors (RMSE) of two observers are displayed in Table 1, and the
residual of EKF decreases by 12.75% relatively in the open-loop simulation.



Actuators 2023, 12, 94 13 of 18

Open loop

Figure 12. The observation and residual in the open-loop test.

Table 1. RMSE of residual.

Case EKF EKF Improvement/%

Open-loop 0.2758 0.2406 12.75
Closed-loop 0.2405 0.1999 16.87
Vehicle test 0.0565 0.0472 16.47

The input s2 is decided by the LQR in a closed-loop test to the realize power assistance
of the E-Booster. The same pedal force as the open-loop test is used for the disturbance
input. In terms of the front chamber pressure x2 in Figure 13, EKF has18.53% less RMSE
than UKF. However, UKF is superior to EKF by 21.44% in terms of the reaction disk state
x4. As shown in Figure 14, the backward process causes a larger observation error in
closed-loop simulation. The EKF residual is 16.87% higher than the UKF residual.

Close loop

Figure 13. Input and state in closed-loop test.
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Close loop

Figure 14. The measurement and its residual in closed-loop test.

Figure 15 displays a comparison of partial states of UKF and 1σ uncertain boundary.
The variance σ is updated by the UKF covariance matrix. Those dots of state x2 and x4
beyond 1σ boundary account for 2.15% and 7.99%, respectively, which are both less than
30% and almost the same magnitude. It illustrates that the a priori covariance for process
error and measurement error is set appropriately.

310−

Figure 15. State observation error and uncertain boundary.

4.2. Vehicle Test Results

As shown in Figure 16a, the test vehicle was a sport utility vehicle (SUV). An additional
pedal force sensor and master cylinder pressure sensor were added at the brake pedal in
order to compare the results. The test road conditions were tarmac (shown in Figure 16b)
with a coefficient of adhesion greater than 0.8, which was used to simulate urban roads.
The driver performs the braking action according to the road conditions. To cover more
braking conditions, the driver randomly enhanced some braking actions.
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(b) Test road condition(a) Test Vehicle

Figure 16. Vehicle test.

Figure 17a,b display the system input, while Figure 17c,d show magnified graphs of
the red dotted line in the top subfigures. The observed pressure results of UKF and EKF are
consistent with the measurement, but EKF with an RMSE of 0.8750 performs better than
UKF with 0.9039. According to Figure 18a,b, which are the output observation and partial
magnification box, UKF is closer to the actual value than EKF. Figure 18c,d are the residual
comparison between the observers. It is consistent with the simulation results that UKF
has 16.47% fewer residuals. As a result, it is concluded that UKF’s observation accuracy is
better than EKF’s.

410−

Figure 17. The input and states in vehicle test.

Figure 18. The measurement and its residual in the vehicle test.
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5. Conclusions

The proposed UKF observer can realize the observation of all the states with the
existence of random disturbance. First, the pre-compression of the reaction disk is designed
to guarantee the linear assisted characteristics of E-Booster. Then, the p-V characteristic of
the hydraulic system is fitted using the RLS algorithm with the forgetting factor, and the
integrated system model is updated with the fitting parameters. In addition, the LQR
control method is developed to provide closed-loop tracking of pre-compression under the
condition of the driver’s input force disturbance. The proposed UKF observer considers the
disturbance as a chi-square distribution, and can use the variance of the standard normal
distribution to correct the process noise of the observer. Finally, the E-Booster full-state
observation is accomplished independent of the master cylinder pressure sensor.

The above method has the following innovative content. At first, this paper fully con-
siders rubber’s viscoelastic characteristics and phenomenon of stiffness damage (Mullins
effect), and describes them with an empirical formula. Combined with the leverage model,
it can well explain the difference between the initial unloaded brake feeling and the subse-
quent booster feeling. Secondly, to ensure the consistency of all booster processes, this paper
proposes a novel pre-compression strategy for the feedback disk, which ensures a constant
booster ratio for all processes. To achieve full-state observation of the feedback disk and
electro-hydraulic system, a UKF-based observer is subsequently designed. Because the
driver’s input force disturbance has a large effect, the observer describes the perturbation
with multiple Gaussian processes.

Future research will concentrate on the robustness of the closed-loop algorithm, con-
sidering the influence of the input force disturbance on the boosting effect, in order to
conform as much as possible to the predesigned power-assisted characteristics. The super-
vised learning approach can also be used to refine the nonlinear hydraulic model, which
improves the accuracy of the hydraulic system prediction model and reduces process
noise error.
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Abbreviations
The following abbreviations are used in this manuscript:

E-Booster Electric brake booster
UKF Unscented Kalman Filter
EKF Extended Kalman Filter
KF Kalman Filter
LQR Linear quadratic regulator
RLS Recursive least squares
PMSM Permanent magnet synchronous motor
GM Generalized Maxwell
UT Unscented Transformation
RMSE Root mean square errors
MPC Model Predictive Control
SUV Sport Utility Vehicle
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