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Estimation of the center of gravity (CG) is the basis for intelligent control of the front-and-rear-axis-independent electric driving
wheel loaders (FREWLs). 0is paper presents a novel real-time method for estimating the CG of FREWLs, which is suitable for
driving and spading conditions on bumpy roads. A FREWL dynamical model is proposed to set up the state-space model.0e CG
estimator is used to estimate the longitudinal tire force using the state-space model and the improved square-root unscented
Kalman filter (ISR-UKF) algorithm. 0e simulation and experimental results indicate that this method is suitable for FREWL
dynamics and operational characteristics, and the estimated value of CG basically converges to the reference value. Finally, the
probable reasons for error occurring in two experiments and the practical challenges of this method are discussed.0e research in
this paper establishes a partial theoretical basis for intelligent control of construction machinery.

1. Introduction

Intelligent control is the main development trend for wheel
loaders [1–3]. A method of estimating the center of gravity
(CG) is a core technique for intelligent control of the lon-
gitudinal motion of machinery. When the wheel loader is
operating in complex operating conditions, the wheels often
slip because of the large spading force. According to the
wheel loader dynamic model and correlation vehicle theory,
the determination of the CG location accurately is an ef-
fective approach to realize precise longitudinal control of
loader and prevent wheels slipping. However, there is little
research on CG estimation of wheel loaders at present, which
restricts the development of this technology.

We performed a literature search on methods that have
been used for vehicle state estimation, especially vehicle CG
estimation. Ding et al. [4] proposed an enabling multisensor
fusion-based longitudinal vehicle speed estimator by Kal-
man filters for four-wheeled independently actuated electric
vehicles. Wang et al. [5] established a nonlinear suspension

model and a rolling plane vehicle model used for estimating
the roll angle and rate by an adaptive extended Kalman filter.
In themeantime, the forgetting factor recursive least-squares
(FFRLS) method is utilized to identify the CG of the vehicle.
Wang et al. [6] designed a new type of particle filter (PF) and
applied to Lyapunov stability theory estimating tire lateral
forces.

0e methods of CG estimation in the literature can be
classified into the following three categories: Kalman filter
methods, recursive least-squares methods, and extended
Kalman filter (EKF) methods. Lee et al. [7] used the rela-
tionship between the ratio of rear-to-front tire longitudinal
force and the corresponding wheel slips to determine the
real-time vehicle CG location. Kim [8] estimated it using an
inertial-parameter-measurement device at a vehicle-inertial-
measurement facility. 0is method requires knowledge of
vehicle weight, driving axle, and roof height prior to mea-
surement. Huang and Wang [9] presented a real-time es-
timation method for vehicle CG using EKF in longitudinal
maneuvers with road-course elevation. Huang and Wang
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[10] also utilized the instant effective radius by employing a
Kalman filter to perform online estimation of CG height for
lightweight vehicles. To avoid lateral/yaw/roll excitations,
Huang and Wang [11] estimated the real-time CG position
for lightweight vehicles based on a combined adaptive
Kalman filter-extended Kalman filter approach. Yue et al.
[12] presented a braking-detection method using a dynamic
braking model to estimate the vehicle’s CG height. Chen
et al. [13] used a parameter estimator that included Kalman
filtering and the recursive least-squares method with a
variable forgetting factor to estimate the CG position of a
four-wheeled independently driven electronic vehicle. Yu
and Wang [14] presented an estimation method based on
Ackermann’s steering geometry. 0is method is able to
estimate multiple vehicles’ CG positions and inertial pa-
rameters simultaneously. Lin et al. [15] utilized an approach
to estimate the CG position of electric vehicles basing on a
combined H∞ filter and EKF.

0e above approaches have been successful in the vehicle
field. Some of the algorithms have the ability to dynamically
estimate the center of gravity position of the vehicle, and the
estimation accuracy is high. However, due to the limitations of
Kalman filter methods, recursive least-squares methods, and
extended Kalman filter (EKF) methods, their ability to estimate
strongly nonlinear problems is weak so that it is difficult to
apply them to wheel loaders in complex operating conditions.

On the one hand, the structure, dynamical model, and
operating characteristics differ greatly between wheel loaders
and conventional vehicles, which mainly reflect in that wheel
loaders have added extra working equipment, and spading
force should be considered in the dynamic analysis. On the
other hand, because the operational characteristics of wheel
loaders have obvious volatility and periodicity in the spading
condition on a bumpy road, the CG estimationmodel based on
the dynamic model of the wheel loader is strongly nonlinear,
and the Kalman filter and EKF are weak in dealing with
strongly nonlinear problems, making it difficult to find real-
time values under drastic changes in the operation stage.

0is paper proposes a novel CG estimation method for
front/rear-axle-independent electric driving wheel loaders
(FREWLs).0is method is suitable for wheeled construction
machinery. In order to reinforce the method’s ability to solve
strongly nonlinear problems, the estimator applies an im-
proved square-root unscented Kalman filter (ISR-UKF)
algorithm. 0e ISR-UKF avoids the problem of having a
negative-definite Cholesky factor [16], making it greater
than the traditional unscented Kalman filter [17, 18] on
computational stability.

0e rest of the paper is organized as follows. 0e
transmission structure and longitudinal dynamic model of
the FREWLs are presented in Section 2. 0e real-time
FREWL CG estimator is proposed in Section 3. Simulation
studies and analysis considering driving and spading con-
ditions on bumpy roads are proposed in Section 4. Section 5
presents the experimental validation results obtained from
FREWL road tests. 0e probable reasons for error in two
experiments and the challenges of this method in practice
are discussed in Section 6.

2. FREWL Dynamic Model

0e FREWL is a novel series of hybrid wheel loaders. 0e
principles of the transmission structure and the structure of the
experimental platform are shown in Figures 1 and 2, respec-
tively. 0e front/rear-axle motor can drive the FREWLs sep-
arately. Hence, intelligent control of the FREWLs improves
operational and economic performance based on torque op-
timization control under different operational conditions.

0e longitudinal dynamic model of the FREWLs is
shown in Figure 3. 0is model can be described as follows:

m _vx � Fxf + Fxr − Rxf − Rxr − mg sin α − Fx, (1)

Ie _ωwf � Tf − reffFxf, (2)

Ie _ωwr � Tr − reffFxr, (3)

where Fxf and Fxr are the longitudinal forces of the front and
rear tires, Rxf and Rxr are the rolling resistance forces, m is the
mass of the FREWLs, Fx is the longitudinal spading force, Tf

and Tr are the driving torques of the front and rear tires, _ωwf

and _ωwr are their angular accelerations, α is the slope, _vx is the
longitudinal acceleration, Ie is the moment of inertia of the
tires, and reff is their rolling radius.

0e rolling resistance forces are as follows:

Rxf � Fzf · f, (4)

Rxr � Fzr · f, (5)

where f is the rolling resistance coefficient. 0e vertical
forces of the tires are defined as

Fzf �
m _vxh − mgh sin α + mglr cos α + Fz lc + lf + lr 

lf + lr
, (6)

Fzr �
− m _vxh + mgh sin α + mglf cos α − Fzlc

lf + lr
, (7)

where h is the CG height, lf is the longitudinal distance
between the front axle and the CG, lr is that between the rear
axle and the CG, lc is that between the front axle and the tip
of the bucket, and Fz is the vertical spading force.

0e vertical forces of the tires are related to their lon-
gitudinal forces as [19]

Fxf � KσfFzf, (8)

Fxr � KσrFzr, (9)

where K is the tire slip coefficient and σf and σr are the slip
rates of the front and rear tires, respectively. Using l � lf + lr,
ll � lf + lr + lc, and λ � lr/l, equations (6) and (7) become

Fzf �
mh _vx − g sin α( 

l + mg cos αλ
+

llFz

l
,

(10)
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Fzr �
− mh _vx − g sin α( 

l
+

mg cos α(1 − λ) − lcFz

l
. (11)

Equations (1)–(3) can be rewritten based on equations
(4)–(11) as

_vx �
λKσf +(1 − λ)Kσr − f g cos α − 1 +(hK/l) σf − σr  g sin α + Fz/ml(  K σfll − σrlc  + f lc − ll(   − Fx/m(  

1 − (hK/l) σf − σr  
,

(12)

_ωωf �
1
Ie

Tf − Kreffσf

Fzll

l
+ gλm cos α +

hm

l
_vx − g sin α(   , (13)

_ωωr �
1
Ie

Tr + Kreffσr

Fzlc

l
+ g(λ − 1)m cos α +

hm

l
_vx − g sin α(   . (14)

In this paper, we assume that all other FREWL pa-
rameters are already known or measured. 0e remaining
task is to estimate the CG’s longitudinal location and height.
0e subsequent section uses the superscript “̂ ” to denote
estimated parameters.

3. FREWL CG Estimator

3.1. State-SpaceModel. Equations (12)–(14) can be rewritten
as the following estimator with state variable xk �

vx ωf ωr
K h λ 

T
and the output (measurement)

variable yk � vx ωf ωr 
T
:

xk+1 � Fk(p)xk + Lk(p)wk,

yk � Hkxk + vk,
(15)

where p is the vector of unknown parameters, Fk(p) is the
state-transitionmatrix, Lk(p) is the measurementmatrix, wk

and vk are the process noise, and Hk is the observation
matrix. To estimate p, it is necessary to expand the state
variables to obtain the augmented state vector xk

′ [20]:

xk
′ �

xk

pk

 . (16)

0e estimator of pk can be changed by the subsequent
ISR-UKF when pk+1 � pk + wp

k
. wpk

is a manmade noise

with a small value. Hence, equation (12) can be rewritten as

xk+1 �
Fk(p)xk + Lk(p)wk

pk + wpk

⎡⎢⎣ ⎤⎥⎦ � f xk
′, wk, wpk

 ,

yk � Hk 0 
xk

pk

  + vk.

(17)

0e relationship between the state variables xk+1 and xk

can be expressed as [21]

xk+1 � xk + Δt · _xk, (18)

where Δt is the sampling time. Equation (18) is actually a
first-order approximation of the real system. According to

equations (12), (13), (17), and (18), the state-space model for
ISR-UKF can be defined as

vx,k+1

ωf,k+1

ωr,k+1

Kk+1

hk+1

λk+1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

�

vx,k + Δt · _vx,k

ωf,k + Δt · _ωf,k

ωr,k + Δt · _ωr,k

Kk

hk

λk

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

+

w
vx

k+1

w
ωf

k+1

w
ωr

k+1

w
K
k+1

w
h
k+1

w
λ
k+1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

yk �

1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

vx,k

ωf,k

ωr,k

Kk

hk

λk

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

+

e
vx

k

e
ωf

k

e
ωr

k

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

(19)

where wi
k and ei

k are the white noise.

3.2. ISR-UKFAlgorithm. ISR-UKF algorithm requires initial
x and P0 values to be given to the state variable and co-
variance, respectively:

x0 � E x0 ,

P0 � chol E x0 − x0(  x0 − x0( 
T

  .
(20)

Calculate Sigma point which includes 2n + 1 points:

xk|k �

x
(0)

� x, i � 0,

x
(i)

� x +

��������

(n + λ)Pk



 , i � 1 ∼ n,

x
(i)

� x −

��������

(n + λ)Pk



 , i � n + 1 ∼ 2n.

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(21)

0e weight of the Sigma point is
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ω(0)
m �

λ
(n + λ)

,

ω(0)
c �

λ
(n + λ) + 1 − α2 + β 

,

ω(i)
m � ω(i)

c �
λ

2(n + λ)
, i � 1 ∼ 1n,

(22)

where ωc is the weight of covariance, ωm is the weight of the
mean value, λ is the a parameter defining λ � α2(n + κ) − n, α
is a constant, κ is the parameter which ensures that (n + λ)Pk is
a positive semidefinite matrix, and β is a nonnegative weight.

0e further predictions of the state variable and co-
variance are as follows:

xk+1|k � 

2n

i�0
ω(m)

i x
(i)
k+1|k,

Pk+1|k � qr

����

ω(c)
1



x
1
k+1|k − x

0
k+1|k  

����

ω(c)
2n



x
2n
k+1|k − x

0
k+1|k

��
Q


 

T
 ,

(23)

where Qk is the process noise. 0e predicted measurement
value of Sigma is

y
(i)
k+1|k � Hx

(i)
k+1|k. (24)

Based on equations (22) and (24), the mean measure-
ment value is

yk+1|k � 
2n

i�0
ω(m)

i y
(i)
k+1|k. (25)

In order to maintain the update of state variable esti-
mation, the covariance of further prediction is

Pyk � qr
���
ωc
1


y
1
k+1|k − y

0
k+1|k 

���
ωc
2n


y
2n
k+1|k − y

0
k+1|k 

��
R

√
 

T

 ,

Pxk,yk � 
2n

i�0
ω(c)

i x
(i)
k+1|k − xk+1|k  y

(i)
k+1|k − yk+1|k .

T

(26)

Calculate the gain matrix Kk:

Kk �
Pxk,yk

P
T
yk

⎛⎝ ⎞⎠Pyk. (27)

0e subsequent updates of the state variable and co-
variance are as follows:

xk+1|k+1 � xk+1|k + Kk yk+1|k+1 − yk+1|k ,

Fk � Pk+1|k 
T
H

T
k ,

Uk � F
T
k Fk + Rk 

1/2
,

Pk+1|k+1 � Pk+1|k I − Fk U
T
k 

− 1
Uk +

���
Rk


( 

− 1
F

T
k .

(28)

0e above calculation procedures constitute a completed
ISR-UKF algorithm.

4. Simulation Results and Analysis

0e typical working condition of FREWLs is different from
that of other vehicles, and it is more driving on the bumpy
road. Hence, two simulation conditions are designed to
verify our estimation method. Condition 1 is driving on a
bumpy road. Condition 2 is spading on a bumpy road. An
extra continuous force on the tip of the bucket simulates the
longitudinal spading force from 5 to 7 s. 0e simulation
parameters are shown in Table 1.

4.1. Driving Conditions on a Bumpy Road. 0e longitudinal
speed, CG longitudinal location, and CG height simulation
results are shown, respectively, in Figures 4(a)–4(c) when the
FREWL is driving on a bumpy road. Because the FREWL
drives continuously on this road, numerical fluctuations of
the longitudinal speed and CG longitudinal location are
more frequently compared to flat road in Figures 4(a) and
4(b). 0e CG longitudinal location fluctuates greatly and is
more susceptible to the influence of acceleration and de-
celeration. In the green circle, the CG longitudinal location
moves backward when the FREWL accelerates. Due to
FREWL’s deceleration, the CG longitudinal location moves
forward in the brown circle. In addition, the change in the
CG height is less with relatively drastic change compared to
CG longitudinal location in speed in Figure 4(c). 0e
maximum errors in the CG longitudinal location and CG
height between the estimated and reference values are 10.2%
and 4.2%, respectively.

4.2. Spading Conditions on a Bumpy Road.
Figures 5(a)–5(c) show the longitudinal speed, CG longi-
tudinal location, and CG height simulation results when the
FREWL is spading on a bumpy road. 0e CG location es-
timation effect remains acceptable. 0e CG longitudinal
location changes with the road gradient before 5 s in
Figures 5(a) and 5(b). Due to the fact that longitudinal
spading force hinders driving, the longitudinal speed de-
clines from 5 s to 8 s and the CG’s longitudinal location
moves forward in a brown circle. With the FREWL accel-
erating, the CG’s longitudinal location changes in a wavelike
manner on the bumpy road from 8.2 to 10 s. 0e CG height
still changes slightly, as influenced by the changing of the
longitudinal speed in Figure 5(c).

5. Experimental Results and Analysis

Because FREWL is a novel hybrid loader, the static position
of the CG must be remeasured by a professional electronic
scale as an experimental reference.0e processes of the static
measurement and real-time estimation methods are shown
in Figure 6.

FREWL has undergone a major hardware restructuring,
and some components are no longer reliable. 0e generator
set and supercapacitor of the FREWLs have high voltages
and are designed to work above 280V. To ensure the safety
of drivers and FREWLs, the driving longitudinal speed is
slow on asphalt roads, and no spading experiments were
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Figure 4: Simulation results for driving conditions on a bumpy road. (a) Longitudinal speed. (b) CG longitudinal location. (c) CG height.

Table 1: Set values of simulation parameters.

Simulation parameters Set value Units
m 4.7 kg
K 19 —
reff 0.55 m
Ie 3.33 —
Δt 0.01 —
Tmf 50 N·m
Tmr 50 N·m
Fx 600 N
α 0.01 —
β 2 —
κ 0 —
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conducted. 0e front and rear motors output the same
power. Two experimental conditions are designed to verify
the CG estimation method: (a) constant-torque experi-
mentation and (b) acceleration and deceleration
experiments.

5.1. Constant-Torque Experiment. 0e front motor power
output and the longitudinal speed are shown in Figures 7(a)
and 7(b), respectively.0e experiment is designed to observe
the performance of the CG estimation method for a FREWL

undergoing uniform acceleration. 0e output torque of the
front motor is approximately maintained at 32 N·m from 4 s
to 14 s. 0e value of the CG longitudinal location begins to
decrease when the FREWL accelerates, as shown in
Figures 7(b) and 7(c). Once the FREWL starts to decelerate,
the CG longitudinal location increases immediately. 0e
maximum error between the estimated and reference values
for this location is 6.0% in the data stabilization phase in
Figure 7(c). 0e maximum error in the CG height between
the estimated and reference values is 4.6% in the data sta-
bilization phase in Figure 7(d). In this working condition,
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Figure 7: Constant-torque experiment. (a) Output torque of the front motor; (b) longitudinal speed; (c) CG longitudinal location; (d) CG
height.
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both ISR-UKF and EKF can realize dynamic estimation with
high accuracy due to the small variation of velocity, motor
output torque, and other values. Relatively speaking, the
numerical vibration of EKF is more intense due to its own
algorithm.

5.2. Acceleration and Deceleration Experiments. 0e fluctu-
ation of the CG height is quite small and that in the lon-
gitudinal location is relatively large in the constant-torque
experiment. To further determine the effectiveness of CG
longitudinal location estimation and acceleration and de-
celeration experiments, more complex driving conditions
are designed. 0e power output of the front motor and
longitudinal velocity are shown in Figures 8(a) and 8(b),
respectively. 0e value of the CG longitudinal location and
height changes with the longitudinal speed in Figures 8(c)
and 8(d). Compared with the constant-torque experiment,
ISR-UKF has higher estimation accuracy and stability than
EKF due to frequent changes in motor output torque. Due to

the limitations of the EKF algorithm, the estimated value
tends to diverge over time.

0e velocity has the largest change from 24 s to 28 s.
Hence, the value of the CG longitudinal location experiences
maximal fluctuation compared to other times. 0is situation
is consistent with the change of the actual CG.0eCG height
still changes with the braking in Figure 8(d).

6. Discussion

0is paper proposes a novel real-time CG estimation
method for FREWLs. 0is method is suitable for FREWLs
operating under driving and spading conditions on bumpy
roads. 0e simulation and experimental results demonstrate
the validity of this method. However, errors exist between
the estimated and reference values.0ere are several possible
reasons for these errors:

(i) 0e static reference is calculated as the average of 10
measurements. Hence, the static reference may have
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Figure 8: Acceleration and deceleration experiment. (a) Output torque of the front motor; (b) longitudinal speed; (c) CG longitudinal
location; (d) CG height.
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a computational error because of the lack of more
professional testing equipment.

(ii) 0e initial value of ISR-UKF may affect the
estimation.

(iii) 0e value of the noise-covariance matrix influences
estimated effect and estimated accuracy. 0e nu-
merical selection of the noise-covariance matrix is
also a hot research area [22–24].

(iv) Because of the lack of ABS systems in FREWLs, a
hall sensor was used to measure wheel speed. Hence,
the measurement accuracy may be lower. Dramatic
changes in the input parameters of the estimation
model affect the changes in the value of the output
parameters, resulting in poor stability.

(v) FREWLs usually drive at low speed, so air resistance
with a very small value is usually ignored in the
dynamical model. However, air resistance also af-
fects estimation performance.

All of the above may lead to errors. However, the errors
fall within acceptable limits.

In addition, this approach has many challenges in
practice:

(i) 0e spading force cannot presently be known in real
time.0e traditional spading force calculation is based
on empirical formulas. From the cylinder pressure and
force analysis of a working device, the spading force is
likely to be calculated in real time in the future.

(ii) 0e FREWL’s CG is also affected by lateral motion.
However, the main consideration is longitudinal
motion in this paper.

(iii) To ensure the safety of drivers and FREWLs, the
spading condition was not tested experimentally.

(iv) 0e estimated value basically converges to the
reference value in the experiment. However, it re-
mains to be proven whether the fluctuating value is
reasonable. Current equipment has difficulties in
verifying the exact location of the CG in real time.
0e subsequent intelligent control of the FREWLs is
possibly to be verified in the future.

(v) 0e structure, operating environment, and oper-
ating characteristics of the wheel loader determine
that, compared with the vehicle, vehicle parameters
such as speed, acceleration, position of CG, and
longitudinal force of tires change in a faster fre-
quency and a larger range. 0e robustness of the
algorithm seems insufficient from the simulation
and experiment results. 0ere are probably main
reasons:

(1) In the simulation, the estimated value fluctuates
greatly because the road is set on uneven road
and the vehicle driving is bumpy. At the same
time, the simulation also simulates the spading
resistance during operation, which has a great
influence on the numerical variation of simu-
lation parameters.

(2) In the experiment, because the FREWL is a
modified loader and the suspension system has
poor shock absorption performance, the
FREWL also bumps violently in the process of
driving, which significantly affects the variation
of the estimated value.

In the later research, we will try to add global sliding
mode theory [25] or adaptive second-order sliding mode
[26] on the basis of the existing algorithm, so as to better
increase the estimated stability.

7. Conclusion

Our novel real-time CG estimation method for FREWLs
exhibits accurate performance under simulation and ex-
perimental conditions. 0e simulation conditions include
driving and spading on bumpy roads. Experimental con-
ditions comprise a constant-torque experiment and an ac-
celeration-and-deceleration experiment.

0e important feature of the proposed real-time esti-
mation method is that it is suitable for FREWL dynamics
and operational characteristics and that it enhances our
ability to solve strong nonlinear problems while avoiding the
problem of a negative-definite Cholesky factor. 0e esti-
mated value of the CG basically converges to the reference
value in the simulation and experiment. 0ese results in-
dicate that fluctuation of the CG height is smaller compared
with the CG longitudinal location. Once the FREWL ac-
celerates, the CG moves backward and the value of the CG’s
longitudinal location immediately decreases. With different
accelerations and decelerations, the CG longitudinal loca-
tion differs.

0e evaluated errors between the estimated and refer-
ence values in the experiment may have several sources,
including static reference error, the effects of the initial value
and the noise-covariance matrix, the sensor error, and
simplification of the dynamical model. Moreover, there are
still many challenges facing the practical application of this
method. 0ese sources of error and challenges will be
researched in the future. In particular, the spading force
needs to be accurately calculated or estimated in real time
under operating conditions.
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