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Abstract: This study presents an online estimation of an excavator’s rotational inertia by using recursive least
square with forgetting. It is difficult to measure rotational inertia in real systems. Against this background,
online estimation of rotational inertia is essential for improving safety and automation of construction equipment
such as excavators because changes in inertial parameter impact dynamic characteristics. Regarding an excavator,
rotational inertia for swing motion may change significantly according to working posture and digging
conditions. Hence, rotational inertia estimation by predicting swing motion is critical for enhancing working
safety and automation. Swing velocity and damping coefficient were used for rotational inertia estimation in this
study. Updating rules are proposed for enhancing convergence performance by using the damping coefficient and
forgetting factors. The proposed estimation algorithm uses three forgetting factors to estimate time-varying
rotational inertia, damping coefficient, and torque with different variation rates. Rotational inertia in a typical
working scenario was considered for reasonable performance evaluation. Three simulations were conducted by
considering several digging conditions. Presented estimation results reveal the proposed estimation scheme is

effective for estimating varying rotational inertia of the excavator.
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o Initial error covariance
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T, : combined torque

vk: measurement noise

Wy : process noise

X : state vector

?ACO: initial state

Y : measured output vector
ﬁ,«: forgetting factors, i=1,2,3
90,,,,: arm angle

Hboom : boom angle

Opcer : bucket angle

éswz swing velocity

éswz estimated swing velocity
0.,

: swing acceleration

o

o . estimated swing acceleration

1. Introduction

Construction equipment such as excavators performs
various tasks at construction sites. This is realized by
using its working parts in coordination with nearby
workers. Further, the excavator is usually operated in a
stationary state, while its working parts can rotate 360°.
Dynamic characteristics such as inertial parameters and
friction of the excavator may change easily because the
equipment is used with various digging materials and its
working postures may vary. Various studies have been
conducted on applications of construction equipment
systems from the viewpoint of improving safety and
automation.

Tafazoli et al.” developed a novel yet simple
approach for experimentally determining link parameters
and friction coefficients for a typical excavator arm.
Tan et al. 2 proposed a fast and robust technique to
estimate the unknown parameters of soil mechanics
equations by minimizing the error between measured
failure forces and estimated forces for the experimental
identification of soil. Lee et al. ® provided solutions to
problems arising during the modeling of hydraulic
excavators; these solutions were based on the bond
graph method, the top-down and bottom-up methods,

and the developed modeling software.

This paper proposes an online inertial parameter
estimation scheme for excavators based on recursive
least squares with multiple forgetting. The working parts
of an excavator comprise its body, boom, arm, and
bucket with four degrees of freedom; the working parts

can be moved to change the posture of the excavator.

body
hoom

v !

v arm

v
bucker

ler attachments)

Fig. 1 Working parts (body, boom, arm, and bucket)

As the working posture, material load, and type of
attachments bucket,

influence the dynamic characteristics of the excavator, it

such as ripper, and crusher
is necessary to estimate the inertial parameter for swing
motion in order to predict the behavior for improving
safety and automation. Therefore, in this study, to
estimate the rotational inertia, recursive least squares
algorithm with multiple forgetting factors was used, and
an updating rule was adopted for convergence
performance. Multiple forgetting factors were defined
considering the change rate of parameters that are
required to be estimated. The damping coefficient in
swing dynamics was also considered in the updating
rule in this study.

The updating rule for the forgetting factor considered
the convergence delay; this factor was applied for
improving estimation performance. The performance
evaluation of the estimation algorithm was conducted in
a typical Matlab/Simulink

environment. The show that the proposed

working  scenario  in
results
estimation algorithm effectively estimates the actual
moment of inertia during swing motion.

The rest of this paper is organized as follows:
Section 2 describes the investigation of variations in the
inertial parameter of the excavator. Section 3 proposes a
swing inertia estimation method. Section 4 discusses the
Matlab/Simulink-based
Finally, the

provided in Section 5.

evaluation of the estimation

performance. concluding remarks are
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2. Investigation of Variations in
Rotational Inertia
Various types of attachments such as

grapples, and buckets, are used with an excavator. The

crushers,

excavator also works with several types of materials.
The masses of different materials and attachments vary
greatly and greatly affect the inertial property of the
excavator. Furthermore, the rotational inertia for the
swing motion may change because of changes in the
working posture of the excavator. Therefore, the
variation in the moment of inertia for swing motion
was investigated to emphasize the need for estimation
of inertia. Fig. 2 shows the materials and attachments

considered in the investigation.

Division Bucket Crusher
Attachment
Material 0 kg 423 kg 0 kg 423 kg

Fig. 2 Materials and attachments considered in
the investigation

In addition to buckets, crushers were also considered
in the investigation because crushers are heavier than
buckets, and hence, there is a large difference in the
inertial parameters of excavators with buckets and those
with crushers. Material and attachment specifications
were determined for 5.5-ton class excavators. The
moment of inertia was computed mathematically using
the actual dimensions of the excavator. Fig. 3 describes
the working postures for computation and the
normalized moment of inertia with respect to the
working posture, material, type, and attachment. All
computed results shown in Fig. 3 were normalized for
easy comparison. The rotational inertia for swing

motion changed significantly with the attachment and

material ~ conditions.  This  observation  provides
motivation to study the methodology for estimating
rotational inertia. The next section describes the

rotational inertia estimation scheme.
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(b) Comparison of analytical results for rotational inertia
Fig. 3 Working posture of the excavator and
analytical rotational inertia

All  computed results shown in Fig. 3 were
normalized for easy comparison. The rotational inertia
for swing motion of the excavator changed significantly
with the attachment and material conditions. This
study  the

methodology for estimating rotational inertia. The next

observation provides motivation to

section describes the rotational inertia estimation

scheme.
3. Rotational Inertia Estimation

In order to estimate the swing inertia of excavator,
this study proposes the recursive least square (RLS)
method  with
updating and multiple forgettings* >. A model schematic

estimation nominal  parameter-based

for estimating inertia is shown in Fig. 4.

Nominal value
- Damping coefficient ~
Forgetting factor b

| |

Update
Nominal parameter | 7 7
Forgetting factor e

Rotatienal inertia estimation

Recursive least square estimation
with forgetting

= Optimal gain(L) calculation

Initial values = Optimal estimates(élila) calculation

- Covariance —2

- Estimates ’_» = Covariance(P) update P

Fig. 4 Schematic of the model for estimating the
rotational inertia of an excavator
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0, and 0, are computed using the Kalman filter.

In this study, 5 is assumed to be known. J, and 5
are computed by RLS estimation. The next section

describes calculation of nominal swing inertia.

3.1 Kalman filter

A linear Kalman filter (LKF) was used for estimating
the swing velocity and acceleration. A double integrator
model was employed. The swing velocity was assumed
to be measurable using a sensor. The discrete-time
linear state space system used in the study is as

follows.

X =F x5+ Gywe
Vi = Hpxy + vy (1)

. T T
where % =['9.w.k wa.k] and W, =[w1 wz]

F and H are written as follows.

F:Ll) ﬂ H=[1 0] 2

where the process and measurement noise covariance
terms are considered to be uncorrelated zero mean

white Gaussian with covariance matrices Qp and Ry,

respectively.
w; = N(0,9;) 3)
v, = N(O.R,) “4)
E[wv;1=0 (5)

where O, =diag[0,q]. Here, 4 must be determined as
to be actual

accelerated motion is not characterized suitably by a

a parameter adjusted because the

stationary random process. It is assumed that X is

known with uncertainty given by £ . In order to
the LKF was applied. The LKF is
implemented in two steps: (1) prediction and (2) update.

estimate x,

In the first step, the a priori estimates of the state and

error covariance are given by
fck\k—l =F % (6)

Ppor = Fk—lﬂ—leZ:I + 0, (7

In the second step, the a priori values are updated
using the computed K, yielding the following «

posteriori estimates.

Ky = Pk\k—lHlZ-(HkPk\k—lHIZ- +R) (8)
X =Xy + K g — HyXgpy) )
B =(I-KH)Ey (10)
The next section describes the swing inertia

estimation method based on the state estimated by the
LKF.

3.2 Excavator swing dynamics

The estimation approach applied in this study is a
model-based approach that employs excavator swing
dynamics. It can be presented using the following

equation.

J 0y, =0, —T; +T, (11)

sw

Eq. (11) can be rearranged such that the terms for
inertia, damping, and torque are separated into
0=J0,,+b0,,+T, (12)

where 7; is equal to -7, + T, Eq. (12) can be

rewritten in the following linear parametric form.
y=0"0.9=[¢ ¢, 4] .0=[6 0, 6] (13)

where 6, 6,, and & are the unknown parameters to

be estimated.
o=[6 0, 6]=[J, b T] (14)

and 4, ¢, and &

estimated swing velocity and acceleration

are computed based on the

s=l¢ & #]=[d. 6. -] (15)

The parameters 6, ¢,, and 6, are generally vary
with time. 6 depends on the working posture of the
excavator. ¢, and ¢, depend on the condition of the
hydraulic system for the swing motion. In order to

estimate the time-varying parameters, recursive least

cajole-HE= 2017. 9 43
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square estimation with multiple forgetting factors was
adopted in this study. Section 3.3 describes RLS
estimation with forgetting.

estimation ~ with

3.3 Recursive least

forgetting

square

The scheme of RLS estimation with forgetting was
adopted to estimate 4(i=12,3). These factors assign
less weight to older data and more weight to recent
data®. In order to separate the error of each parameter
6i=123) by applying
forgetting factors, the decoupled cost function is defined

(ie.,, error for suitable

as follows.

J(6,(k),0,(k),0,(k), k) =

k
=D A0, ADOE) - 400 - DO +
1 l:] . ~
22 A0 D~ AOBD - A0~ (D0 +
i=1

k
22 A0, - ADOD - OG0 - DGR (16)
i=1

Using this defined cost function, each term on the
right-hand side of the defined cost function represents
the error of step k. The optimal estimates that minimize
the cost function in Eq. (16) can be computed as

follows.

oYY
00,(ky 06y(k)  86,(k)

k
D AT RO, O - hODAE) - 4,00, - h(D)O,) =0
i=1

k
D A O, 0 - 4DO ) - hDOK) - 4 ()6, 1) =0
i=1

<y ; ; (17)
D A O, 0 - DO - 4,0)6,() - 6, ()0,(k) =0
i=1

6(ky, 6,(k), and 6,(k)can be determined by
rearranging Eq. (17) as follows.

k L0k
é«k)—[Zﬂf’mi)z] {Zﬂf"<y,<i>—@(i)ez(n—mneaan

i=1 i=1

i=1

k ok
éﬂk)—[Zﬂé%mZ] [Zﬂf"(y,o')—mz')el(w—mi)ez(i))
i=1

k o
0%(/«)—[ /13"'%(1')2] [Zﬂé"(yra)—¢1<f)61(i>—¢z<i>92(f)) (18)
1 i=l

i=
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However, a recursive form is required for real-time

parameter estimation. The recursive form can be
deduced by using the analogy between Egs. (17) and

(18) as follows.

0,06 =0,k 1)+ L (v, (k) = 4 (6)Gy (k ~ 1)~ 8, (k)0 (k) — g5 (k)05 (K)
0, (k)= 6y (k = 1) + Ly (3, (k) — 4 (6)6, (k) — 6, ()G, (k ~ 1) — g5 (k)05 ()
030k = B3 (k 1)+ Ly (3, (k) — 4 ()6, () — b ()6 (k) — 5 (k)65 (k 1) (19)

where

LK) = By (k=D (R)A + 8 ()P, (k= i ()
N0 =(I—Ll(k)qﬁf(k))e,l(k—l)%

(20)
Ly (k)= B, (k=) (K + 65 (R)F, (k=1 ()
Palh) = =L 0OV (k1) 2
Ly(k) = B3k =D (k) + ¢ ()P, 5k~ s (K)
P,,s(k):<17L3<k)¢5<k))1°,,3(k71)i )

The unknown parameters 6,(k), 6,(k), and 6,(k) in
the aforementioned equations can be replaced with their
estimates, él(k), éz(k), and Q(k) because in this
study, it is assumed that the actual and estimated values
are very close to each other or are within the region of
convergence. By substituting for 6(k), 6,(k), and

6,(k) , the following equations can be obtained.

6,(k) + Ly (k) (k)0 (k) + Ly (k) (K)s (k)
=0,(k 1)+ L (k)(y, (k) — 4, (k)6, (k — 1)) (23)

Ly (k) (k)6, (k) + 0, (k) + Ly (k) (k)05 (k)
= 0,(k 1)+ Ly(k)(y, (k) — ¢, (k)0 (k - 1)) 24)

Ly(k)g, (k)6 (k) + Ly (k) (k)0, (k) + 04 (k)
=0,k = 1) + Ly(k)(y, (k) — ¢ (k)0 (K — 1)) (25)

The solutions for the estimates such as 6,(k), 6,(k),

and 6,(k) can be obtained as shown in Eq. (26).

GO T 1 nwek) Loa®T
bk |=| Lak) 1 LK) |
G| LLBA® Lgk) 1

Otk =)+ L), () - 4 (66, (k ~1))
O,(k = 1)+ Ly (k)(y, (k) = 6, (k)8, (k = 1)

: A (26)
| 0,k =)+ Ly(k) (3, (k) ~ ¢y (k)6s (k = 1))
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It can be proved that the determinant of the matrix
in the following equation is always nonzero as R, P,

and P, are always positive’.

1 Li()gy (k) Ly (k) (k)
L, (k)h (k) 1 L, (k)¢s (k)
Ly(K)p (k) Ly (k) (k) 1 @7

Therefore, the inverse of Eq. (27) always exists.
Section 3.4 describes the nominal-parameter-based

updating rule.

3.4 Updating rule: nominal parameter

Using the value of the damping coefficient in Eq.
(11), which is obtained from a previous study®, the
updating rule has been defined such that the estimated
damping coefficient is updated depending on the given
damping coefficient. The updating rule was defined by
modifying Eq. (19). Fig. 5 describes the defined

updating rule for the nominal parameter.

51
update

B ; s ]»No update

update

2> [(sec)

Fig. 5 Updating rule for the nominal parameter

¢ in Fig. 5 is the difference between the actual and
estimated values. The estimation error is defined as

follows.

ezzgz_élzb_b (28)

Then, the estimated value in the recursive form is

updated by applying the following updating rule.

If ‘eﬂﬁg

By (k)= 0y (k —1)+ Ly (3, (k) - 4 ()6, () — 6y (k)6 (k — 1) — 5 (k)65 (K))

else

Oy (k) =b + Ly (3, (k) = (k)6 (k) = ¢ (k)G (k —1) — ¢ (k)3 (k) (29)
end
The wupdating rule can enhance the convergence

performance of estimation because the j, and T, can

approach the actual values when the estimated damping

coefficient is updated when the absolute value of the

estimation error is larger than the defined error
threshold. As the actual damping coefficient cannot be
determined owing to its nonlinearity, & must be
determined as a parameter to be adjusted. The next
section describes the updating rule for the forgetting

factor.

3.5 Updating rule: forgetting factor

Forgetting factors (4, ,4,) defined in the previous
section for the RLS algorithm are designed to be
updated. The estimator does not perform well when the
swing acceleration changes significantly because of the
convergence delay in the LKF used for estimating the
swing acceleration. Therefore, it is necessary to
maintain the value of the rotational inertia until the
swing acceleration converges to an actual value upon
updating the defined forgetting factor close to unity.
such that the defined

The estimator is designed

forgetting factor close to zero is updated for 6, to
improve the estimation performance of 7;. Fig. 6 shows

the designed updating rule for the forgetting factor.

g 1 convergence
o e =led delay
Actual value - '!
Estimated value --—- 9[‘
ik laans, t(sec)
A
%! 1 0.99
A
3 : 0.1
> f(sec
750 775 (sec)

Fig. 6 Updating rule for the forgetting factor

An update value of 099 was chosen for the
forgetting factor to effectively track the slowly varying
parameter, 6, (k). 0.1 was the value chosen for the
rapidly changing parameter, 6 (k). The convergence

delay was derived by comparing the estimated
acceleration with the actual acceleration offline. The
convergence delay was defined as 0.25 s in the study.
The designed updating rule was used to secure the
estimation performance for rotational inertia when the

excavator begins to decelerate for unloading. Section 4

catoje - HEE 2017.9 45
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describes the performance evaluation of the proposed
estimation algorithm based on RLS with updating rules
and multiple forgetting.

4. Performance Evaluation

In order to evaluate the estimation performance of the
proposed algorithm, Matlab/Simulink-based ~simulations
were conducted. The
estimation was constructed in Matlab/Simulink environment.

swing dynamic model for
The values of » and 7, used in the swing dynamic
model were obtained from a previous study”. The
rotational inertia of the excavator varying with the working
posture was derived analytically (mathematically) in a
typical working scenario, and was used as a reference
value tracked by the proposed estimation algorithm.
4.1 Working scenario and analytical rotational
inertia

In this study, the working scenario (dumping) was
divided into three stages: loading, transporting, and
unloading. Figure 7 describes the divided working

scenario.

==

Stage -1

Stage - 2

— Stage = 3

Loading Transperting Unleading

Fig. 7 Three stages of the working scenario

Working angles
40 [ q
g20 \ 1
O L L L L L Boom

[deg]

-150 :

200 L I L I L L

-50 1
-100 1

_1 50 L L L L L L L BUCket

0 1 2 3 4 5 6 7 8 9

t [sec]

[deg]

(a) Working angles: boom, arm, and bucket
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Swing velocity

0 1 2 3 4 5
Swing angle
100
i
S 50
0 I I I I
0 1 2 3 4 5 6 7 8 9

t[sec]
(b) Working angles and velocity: swing
Fig. 8 Working angles and velocity: boom, arm,
bucket, and swing

The working part angles (boom, arm, bucket, and
swing) and velocity (swing) for the working scenario
are shown in Fig. 8.

Based on the typical working scenario, the analytical
rotational inertia of the excavator was derived. Fig. 9
shows the derived analytical rotational inertia used for

performance evaluation.

Analytical rotational inertia

T T

tlsecl

Fig. 9 Analytic rotational inertia for the working
scenario

The maximum and minimum values of the derived
analytical rotational inertia are 9,761 kgm® and 4,380
kgm® during working.

4.2 Rotational inertia estimation

In order to conduct a reasonable performance
evaluation, three simulation conditions with different
material types were considered. Fig. 10 shows the three

simulation conditions.
7R 7 7R

@ < @

Condition - 2
With material(sand, 288 kgj

Condition - 3
With materialisandstene, 423 kgj

Condition - 1
Witheut matesial

Fig. 10 Three simulation conditions
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Three

inertia estimation in the region where the swing motion

simulations were conducted for rotational

existed because the proposed estimation algorithm
requires the swing velocity and acceleration to estimate
the rotational inertia of the excavator. Furthermore, the
rotational inertia is not required when the excavator is
in a stationary state because the rotational inertia is
parameter related to swing dynamics. Therefore, the
region between 5.5 s to 9.3 s in the working scenario
(Fig. 6) was extracted and used in the simulation (total
time was approximately 3.8 s). The swing acceleration
changed dramatically after 7.5 s. Arbitrary noise with
Gaussian distribution was applied to the velocity profile
for reasonable performance evaluation, and the swing
acceleration was estimated using the LKF. The following
figures show the estimation results during rotation.
Case - 1) Without any material

Rotational inertia

T
Analytical rotational inertia 8

10000
NE 8000 L ="="" Estimated rotational inertia
£ 6000
4000 8
0 0.5 1 1.5 2 25 3 3.5
Damping coefficient
40 Nominal damping coefficient ‘ I 4
? = = = Estimated damping coefficient
E 30 E - PR —
Z
20 7
0 0.5 1 1.5 2 25 3 3.5
Total torque [T‘]
5000 - 7
_ \
£ or ' 1
= AN
Actual total torque
-5000 | = = = Estimated total torque ] | | i
0 0.5 1 1.5 2 25 3 3.5

t [sec]
Fig. 11 Estimation results when no material was
considered

Update for nominal parameter[damping coefficient]

Signal

0 0.5 1 1.5 2 25 3 3.5

15 Update for forgetting factor
— 1 i ]
©
5 05¢r l l 1
(2]

0
05 , , . , \ . .
0.5 1 1.5 2 25 3 3.5
tIsecl

Fig. 12 Update of the damping coefficient and
forgetting factor when no material was
considered

Rotational inertia error [%]

50 T
g o ‘\/NW\VNWW
-50 . . . \ I | |
0 0.5 1 15 2 25 3 35
015 Probability density function
S0
@
b
8 o1r §
2>
B 0.05 .
Q
<
o
0 | )
-30 -20 -10 0 10 20 30

Estimation error [%)]
Fig. 13 Estimation error (rotational inertia) distribution
when no material was considered

Case - 2) With material (sand, 288 kg)

Rotational inertia

14000 T T T T T T T
12000
NZ 10000
2 8000
6000 P ‘ Anglytical rotatipnal ipertig
————— Estimated rotational inertia
4000 * * :
0 0.5 1 1.5 2 25 3 3.5
Damping coefficient
40 b i Nominal damping coefficient
= = = = Estimated damping coefficient
©
E 30 o — P 2L |
Z
20 1
0 0.5 1 1.5 2 25 3 3.5
Total torque [Tt]
5000 | I ‘ Actual total torque
\ | = = = Estimated total torque
T \
3 or v 1
\
-5000
0 0.5 1 1.5 2 25 3 3.5

t [sec]

Fig. 14 Estimation results considering a material
(sand, 288 kg)

Update for nominal parameter[damping coefficient]

Signal

0 0.5 1 1.5 2 25 3 3.5

15 Update for forgetting factor
- 1 i 7]
©
5 051 l l 1
w

0
05 , \ L . . I .
0 0.5 1 15 2 25 3 35

tIsecl
Fig. 15 Update of the damping coefficient and
forgetting factor considering a material
(sand, 288 kg)
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Rotational inertia error [%)]

AN YA

0 0.5 1 1.5 2 25 3 3.5

50

[%]
o

-50

015 Probability density function
=
(2}
G
S o1f
z
® 005
Qo
<)
o
0
-30 -20 -10 0 10 20 30

Estimation error [%]
Fig. 16 Estimation error (rotational inertia) distribution
considering a material (sand, 288 kg)

Case - 3) With material (sandstone, 423 kg)

«10% Rotational inertia
1.6 Analytical rotational inertia I '
14 | ===== Estimated rotational inertia
E12r SR
=
< 1t
0.8
0.6 , . . . . .
0 0.5 1 1.5 2 25 3 35
Damping coefficient
40 | i ‘ Nominal damping coefficient
= = = = Estimated damping coefficient
g
g 30 PRSI SN Wi ENE - -
Z
20
0 0.5 1 1.5 2 25 3 3.5
Total torque [Tt]
5000 [
_ 1
E '
-5000 Actual total torque \
= = = Estimated total torque
-10000 : ' !
0.5 1 1.5 2 25 3 3.5

t [sec]

Fig. 17 Estimation results considering a material
(sandstone, 423 kg)

Update for nominal parameter[damping coefficient]

1.5
0 0.5 1 1.5 2 25 3 3.5
15 Update for forgetting factor
1k |
k] , |
5 05¢r 1
12}
0
05 \ . . . | I \
0 0.5 1 1.5 2 25 3 3.5

tIsecl

Fig. 18 Update of the damping coefficient and
forgetting factor considering a material
(sandstone, 423 kg)
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I Rotational inertia error [%]

[%]
o

RV A AT e N W

0 0.5 1 15 2 25 3 35

Probability density function

2015 1
(73
c
3
2 o1 4
=
8005 1
[<]
o

0 ; ;

-30 -20 -10 0 10 20 30

Estimation error [%]

Fig. 19 Estimation error (rotational inertia) distribution
considering a material (sandstone, 423 kg)

The simulation results obtained without considering
did not
significantly) show that the rotational inertia of the

any material (rotational inertia change

excavator was well estimated during rotation. In
addition, the rotational inertia was well estimated when
the rotational inertia changed significantly because of
the presence of materials (sand weighing 288 kg and
sandstone weighing 423 kg) in cases 2 and 3. In the
updated results (Fig. 12, Fig. 15, and Fig. 18), “1”
indicates that the update was performed, and “0”
indicates that the update was not performed. Based on
the designed updating rules for the nominal parameter
(damping coefficient) and forgetting factors, estimation
performance was secured despite the estimation error
due to the convergence delay of the LKF. However,
online convergence delay estimation is necessary to
apply the proposed algorithm to a variety of situations
and systems. Analysis of the estimation error showed
that the error has Gaussian distributions and that an
average of the estimation error for the rotational inertia
is almost zero. The standard deviation is less than 5%.
Table 1 lists the average and standard deviation of the

estimation error for the rotational inertia.

Table 1 Estimation error (rotational inertia) analysis:
Average and standard deviation

Descriptive statistics for estimation error
Division ot
Average [%] Standar([i%cﬁewatlon
Case 1 —1.7038 4.5112
Case 2 0.1314 4.9887
Case 3 —0.4894 3.9960
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5. Conclusion

The aim of this study was to estimate the rotational
inertia of an excavator by using RLS with updating
rules and multiple forgetting and to evaluate the
performance of the estimation algorithm. For this
purpose, a recursive least square algorithm was
developed, and appropriate multiple forgetting factors
were defined to estimate the time-varying parameters,
such as rotational inertia, which varies with the working
posture. The updating rule for the forgetting factor
considering the convergence delay of the LKF was
applied for improving the estimation performance. The
proposed estimation algorithm only requires information
on swing velocity and damping coefficient for practical
implementation to an actual system. The reference
rotational inertia in a typical working scenario was
derived analytically for verifying the performance of the
developed estimation algorithms. Estimation performance
through in MATLAB/

Simulink environment with various material conditions

was evaluated simulations
(without any material, with sand (288 kg), and with
sandstone (423 kg). The simulation results show that
the proposed estimation algorithm had high estimation
performance with the designed updating rules. Based on
the analysis of the estimation error with Gaussian
distribution, the average of the estimation error was
almost zero, and the standard deviation was less than
5%. However, the convergence delay used in the
updating rule for the forgetting factor should be derived
by online analysis to secure robust estimation
performance for practical applications. In addition, the
designed estimation algorithm cannot estimate the
rotational inertia when the excavator is in a stationary
state because the required information such as the swing
velocity is Therefore,

ZEro0. application of online

estimation of the convergence delay for swing
acceleration and development of an estimation algorithm
when the excavator is in a stationary state are being
considered for future work. The proposed RLS-based
algorithm for rotational inertia estimation can be applied
to various mechanical systems, including excavators, for
safety and automation. It is also expected that the
proposed estimation algorithm and evaluation technique

can be employed in the design stage.
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