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Abstract—Over the past decades, industrial robots have been
widely used in aerospace, electronics, medical and other fields.
However, the absolute positioning error of uncalibrated robot can
achieve several millimeters, which cannot meet the accuracy
requirements of advanced industry. To address this issue, it is
necessary to calibrate the robot. Therefore, based on the DH model,
a new robot calibration method combining the extended Kalman
filter with quadratic interpolation beetle antennae search algorithm
is proposed. Firstly, the DH model of the robot is built. Then the
extended Kalman filter is adopted to preliminarily identify the robot
kinematic parameters to address the issue of non-Gauss noises.
Meanwhile, quadratic interpolation beetle antennae search algorithm
is adopted to further calibrate the kinematic parameters. Lastly,
extensive experiments are carried out on an ABB IRB 120 industrial
robot. The experimental results show that the robot positioning error
is significantly reduced by the proposed algorithm, which is
appropriate for practical application occasions with high-precision
requirements.

Index Terms—Extended Kalman Filter (EKF), Quadratic
Interpolation Beetle Antennae Search (QIBAS), Non-Gauss Noises,
Kinematic Parameters, Absolute Positioning Error.

I. INTRODUCTION

NDUSTRIAL robots achieve a rapid development in the
Industry 4.0, which have been widely adopted in intelligent
manufacture, intelligent life, intelligent medicine and other
advanced fields [1-5]. Meanwhile, they also play a vital role
in achieving industrial automation [5-10].

Industrial robots are the core equipment of industrial
production and application, which need to meet the higher
technical requirements of the developing complex industry.
Commonly, the robot has high repetitive positioning accuracy,
but the absolute positioning accuracy is low. There are
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numerous factors affecting the absolute positioning accuracy
of robot, which can be divided into non-geometric error and
geometric error. Among them, the geometric error of robot
accounts for about 90% of total error sources. The geometric
error contains assembly error, manufacturing tolerance,
structural deformation, which eventually leads to the robot
positioning error. Thus, it is necessary to calibrate the robot
and identify the actual kinematic parameters.

To address the issue of low absolute positioning accuracy
of robot, researchers have conducted extensive research [12-
15]. They have proposed numerous intelligent algorithms to
identify the kinematic parameters, like Levenberg-Marquardt
(LM) algorithm, EKF algorithm, particle filter (PF) algorithm,
genetic algorithm (GA) and neural networks. Luo et al. [1]
propose a calibration method based on LM and differential
evolution hybrid algorithm to estimate the kinematic
parameter deviations. Then, enough experiments are
conducted on an industrial robot FANUC M710ic/50. After
calibration, this method obtains a greatly improvement on the
robot calibration accuracy. Wang et al. [2] develop a new
algorithm combining back propagation neural network and
analytical method to calibrate the robot, which considers
geometric error, external load, etc. They achieve excellent
experimental results on an ABB IRB 6640 industrial robot.
Zhong et al. [3] adopt the improved whale swarm algorithm
to calibrate the legged robots with a constraint handling
mechanism, which successfully identifies the kinematic
parameters. In general, these algorithms can improve the
robot calibration accuracy. However, these algorithms have
slow convergence rate and easily fall into the local optimum.
Meanwhile, the experimental code is highly complex, which
also can not deal with the non-Gaussian noises.

In general, metaheuristic algorithms are based on the rule
of computational intelligence [11-16], which are adopted to
overcome the complex optimization issues. The commonly
used metaheuristic algorithms contain differential evolution
algorithm (DE) [17], iterated greedy algorithm (IG), particle
swarm optimization algorithm (PSO) [14] and ant colony
optimization algorithm (ACO). The proposed QIBAS
algorithm is one of metaheuristic algorithms, which simulates
foraging principle of a beetle. It only requires one individual
to complete the optimization process, thus the search process
is greatly fast. Furthermore, it has the advantages of simple
principle, minimal computing resources, strong search ability.

For the above-mentioned shortcomings of these algorithms,
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we develop a new calibration algorithm based on EKF and
QIBAS algorithm. Firstly, we describe the kinematic model
and error model of the robot. Considering the influence of
non-Gaussian noises in the actual measurement process, EKF
algorithm is used to initially identify the kinematic
parameters.Then, QIBAS algorithm is adopted to further
optimize the robot positioning error. Finally, enough
experiments are conducted on an ABB IRB120 robot to verify
the feasibility of the proposed method.

We adopt a new calibration algorithm based on EKF
algorithm and QIBAS algorithm, which modifies learning
rule of conventional beetle antennae search (BAS) algorithm
to improve its search ability. Meanwhile, it also effectively
overcomes the issue of non-Gauss noises. After calibration,
the robot calibration accuracy is significantly improved.
Moreover, the main contributions of this paper include:

a) We develop a QIBAS algorithm based on a BAS algorithm,
which incorporates the quadratic interpolation operator into
the updating rule of the standard BAS to achieve faster
convergence rate and higher calibration accuracy than its
peers do;

b) A novel calibration algorithm based on EKF algorithm and
QIBAS algorithm is proposed to achieve the accurate
identification of robot kinematic parameter errors;

c¢) Algorithm design are conducted for the proposed EKF-
QIBAS approach as a guidance for scholars.

Extensively empirical results are conducted on an ABB
IRB120 industrial robot, which demonstrates that the
proposed calibration algorithm obtains much higher
calibration accuracy than advanced calibration algorithms.

For the rest of this paper, Section II discusses the robot
kinematic and error models. Section III briefly introduces the
EKF and QIBAS algorithm. Section IV presents the
experimental results and analyses. Lastly, Section V provides
the conclusions and future work.

TABLE I
NOMINAL VALUES OF KINEMATIC PARAMETERS FOR ABB IRB 120 ROBOT.
Joint i ai/° ai/mm di/mm 0i/°
1 -90 0 290 0
2 0 270 0 -90
3 -90 70 0 0
4 90 0 302 0
5 -90 0 0 0
6 0 0 72 0
joist 5
joint 3 ‘ ” 2 i -
‘ ‘ joint 4 joint 6
|
joint 2, | |
joint 1 /‘

=X

Fig. 1. The model of an ABB IRB120 industrial robot.

II. KINEMATIC AND ERROR MODELS FOR CALIBRATION

A. Kinematic Model

Commonly, the widely used kinematic models in robot
controller contain DH model [4], [5], MDH model, POE
model [8] and CPC model [14], [17]. The most commonly
used kinematic model is the DH model proposed by Denavit
and Hartenberg. The virtue of DH model is that the relative
relationship between the robot end-effector and the base
coordinate system can be expressed through the calculation
relationship of the transformation matrix, which is convenient
for solution. The structure of an ABB IRB 120 robot is
depicted in Fig. 1, whose nominal values of robot kinematic
parameters are listed in Table I.

Based on the DH model [9], [ 10], the transformation matrix
from link i-1 to link 7 is as follow:

cos —sinf,cosa, sinfsina, a,coso,
sinf, cosf cosa, —cosf sina, a,sind,
A J— 1 1 1 1 1 1 1 ( 1)
R . ’
0 sina, cosa, d,
0 0 0 1

where A4; is the transformation matrix, a;, d;, 6; and a; denote
link length, link offset, joint angle, link twist angle of the ith
link, respectively. Thus, the robot kinematic model can be

expressed as:
R, P,
Tg = A A, A, 4,4, 4 = 0 1 )

where Ry, Py are the nominal rotation matrix and the nominal
position vector of the robot, respectively.

B. Error Model

Based on the link transformation matrices [15-20], the pose

error of the robot end-effector can be expressed as:
dT =T, T, 3)

where d7, T, and Ts represent the pose deviation, the actual
pose of the end-effector and the nominal pose of the end-
effector, respectively.

Additionally, the pose error model is calculated by:

Aa

A1 A 4)
Aa - 7,

A6

where H, An are the Jacobian matrix and DH parameters
deviations, respectively.

According to the nominal cable length Y’ and the
measuring cable length Y;, the objective function for
optimizing robot positioning errors is as follow:

S =min|AE[; = min{li(z- Y } )
n

i=1

AE:[H1 H, H, H4]

Commonly, based on the robot end-effector position
coordinate P; and the fixed point coordinate Py on the ground,
the nominal cable length is calculated by:

v=\(r-R). ©)



III. ROBOT KINEMATIC PARAMETER IDENTIFICATION
ALGORITHM

A. EKF Algorithm

Due to the influence of measurement noises, the EKF
algorithm is applied to estimate the robot position error [5].
Its state equation and output equation can be represented as:

M1 = T

Z, =Hm +V;,
where 7, Zi, H and Vj are the DH parameters deviations, the
measuring position error of end-effector, Jacobian matrix and
measurement error, respectively. Moreover, the error

covariance matrix P, and the covariance matrix of the system
noise Qy are expressed as:

Pk\k—l = 1)k—l‘/f—l +0, - (®)
Based on (7) and (8), the Kalman gain K} is as follow:

-1
K, =By H[ (HBy H[+R) , ()

kfk-1 kfk-1

(7

where R represents the covariance matrix, then the parameter
n can be updated by

e = Mg +K, (Zk _Hknk\k—l ) (10)
Furthermore, the covariance matrix P is as follow:
By =(I-KH, )R, .. (1)

Generally, P, O and R are initialized by 10-%/, 10-°Z, and 10/,
respectively.

B. QIBAS Algorithm

BAS algorithm is also one of metaheuristic algorithms,
which is an intelligent optimization algorithm proposed by
Jiang et al [10]. This method simulates the food searching
behavior of a beetle, which has the advantages of strong
search ability, less calculation parameters.

The decision parameters for BAS algorithm are as follow:

T
77=[771> 772’ 77}1] : (12)
Based on the learning rule of BAS algorithm, we obtain that

M =1, +Sbsign(f (1)~ f (m,)). (13)

where 5, b and sign(-) are the step size of searching, a random
searching direction and the sign function, respectively. Then
we have

- rands(k,1)

b=r———,
||rands (k1 )"2
where rands is the random function, & is position dimension,

|I"l2 is L2 norm. Thus, we obtain the searching behaviors of a
beetle.

(14)

=1 +mb,
77}”! 77[ t = (15)
e =1, _mzbﬂ
where m is the antennae length. Then m and 6 can be
calculated by
Oy = 16, + 0y, (16)

m., =Ttm, +m,,

where ©€(0,1), t€(0,1), do>0, mo>0. J is the step size of
searching,

The search scope is defined in a closed set ®, the BAS
algorithm is rewritten as

T = By (1, +Sbsign(f (n,)~ £ (n,))), (A7)

where Pq(*) represents a projection operator, # has the bound
®={n|l; < n; < w;}. Then the lower bound I=[1}, b, ..., [,]" and
the upper bound w=[w1, w2, ..., @,]” can be obtained in this
work. And finally, the g= Pa(7) is given as

Lyif m, <L,

& =1 i < <o,

@, i 1, > .
Nevertheless, the BAS algorithm is easy to fall into local
optimum, which results in the low search accuracy.

To overcome this issue, the quadratic interpolation operator
is added into the BAS algorithm. It continuously adopts the
quadratic polynomials to approximate the objective function
in the search process. Therefore, the obtaining minimum of
the simulated function is approximately equal to the minimum
of the objective function [11-15].

The approximate expression of the objective function is
defined as a second-order polynomial, we achieve that

h(ni)zc()+cl’7i+c277i2:f(77i)’ (19)
where c¢o, c1, c¢2 are constants. To achieve the stable

equilibrium point of binomial A(#,), its first derivative is zero,
then we have

(18)

h'(m’) =¢ +267, =0, (20)
With (20), the stable equilibrium point is given as
cl
= 21
771/( 2C2 ( )

In addition, the location of left and right tentacles, global
optimal location are as follow:

T

m :[7711’ Mps 7% 771k] >

nr = [7771’ 771‘2’ ] 77,‘/{ ]T 2 (22)
T

m, = [77b1» Mpas s 77bk] .

With equation (22) and equation (19), then we actually can
achieve that

h(my ) =co+em +emy = f (1) = /i

h(n4)=co+emy +emy = (1) = fon (23)

h(1y ) = ¢y + ety + ey = f (1) = fis
wherek =1, 2,--, n, 2, =7y, X2 =Thr X5 = y> X =y -

- (BB hH(B -2 h
x= - (24)
2((7(1 _7(3)f2 +(Z3 _Zz)fl +(7(2 _7(1)f3)+00
where f{*) is the fitness function for CIBAS algorithm, v is a
small positive number.
In Algorithm 1, [; is the max iterations for the EKF
algorithm, T is the max iterations for QIBAS algorithm, N is
dataset size.




Algorithm 1: EKF-QIBAS

Input: 1, 7o, { ga1y @, ---» dao >t Yo Yoy -
Yo}

/--Note: Initialization--/
1 Initialize: [;, T

2 Initialize: n=n, T,
3 Initialize: my, do, i, 7
/--Note: Training Starts--/
/--Note: EKF-Step--/

4 for =1 to |[,|

5 set Py random number
6 set Ky zeros
7
8

for i=1 to |V

set Oy known
9 set R known
10 Calculate 7. based on (7)
11 Computing H; with (4) T,
12 Calculating Py, with (8)
13 Updating K with (9)
14 Computing # with (10)
15 Computing Py based on (11)
16 end for
17 end for

18 He=i

/--Note: QIBAS-Step--/
19 for =1 to |T]

20 set ﬂozﬂgkf

21 set fpes=1°

22 set fres= 1)

23 for i=1 to |N|

24 Updating b with (14) Ts
25 Computing #,; and 7, with (15)
26 Calculate f{,,) and f{n;) with (5)
27 Compute 7,4 with (17)

28 Computing f{#+1) based on (5)
29 Update #y with (21)

30 Computing f{#74) based on (5)
31 end for

32 if flna)<An.1) then

33 fige)= ), nen=nu

34 endif

35 if f{57:1)<f(#pest) then

36 f(’?bm):f(rlt-l), Hbest =Hr+1

37 endif

38 Calculating o1, m,+, with (16)
39 end for

/--Note: Training Ends--/
Output: ses, fvesr)

IV. EXPERIMENTAL RESULTS

A. General Settings

1) Evaluation Metrics: The root mean squared error
(RMSE), standard deviation (STD) and the maximum error
(MAX) are used as the accuracy evaluation metrics [20-25].
They can be described as follow:

MAX:max{ (x—x')z},izl,z,...n,
STD =~ Z (¥,-7), 25)

rvse= (15 (5 vy

n i

!https://github.com/Lizhibing1490183152/RobotCali.

Industrial Robot

——

@ Drawstring Displacement Indicator ¥ - J ™ - |
(a) (b)
Fig. 2. The experimental scene. (a) The experimental system: an ABB
IRB120 robot, a drawstring displacement sensor, a drawstring displacement
indicator and RS485 communication module. (b) The data collection
software.

2) Datasets: Four public available robot datasets are
collected from website in our experiments. Their details are
as follow:

a) D1: RobotCali-1. Firstly, 2,000 measuring points on an
ABB IRB 120 industrial robot are collected by using a
drawstring displacement sensor. Then we select 120
measuring points from this dataset to conduct the
experiments. In addition, the experimental scene is shown
in Fig. 2. Moreover, detailed information about the
collected dataset is publicly available'.

b) D2: RobotCali-2. Similar to dataset D1, we also select
other 100 measuring points on the same ABB IRB 120
industrial robot.

c¢) D3: The robot accuracy dataset [7], which is collected on
an UR10 CB3 Robot. It has four datasets: Series A, B, C
and D, which has 16,811 samples. Moreover, 200 samples
from Series A are selected to conduct our experiments.

d)D4: HSR-RobotCali [25], which has collected 2,000
measuring points on a HSR JR680 industrial robot.
Moreover, we select 120 samples for conducting the
experiments.

For each dataset, the 80%-20% train—test setting is adopted
to obtain the objective results.

B. Experimental Performance

1) Compared algorithms
In this part, the experimental results of several advanced
robot calibration algorithms is compared against our
developed algorithm. Their details are as follow:
a) M1: Extended Kalman filter algorithm (EKF) [5],
which can also suppress the non-Gaussian noises.
b)M2: Beetle antennae search algorithm (BAS) [11],
which has the fast convergence rate and simple principle.
¢) M3: Unscented Kalman filter algorithm (UKF) [13],
which can address noises in robot calibration.
d) M4: Particle swarm optimization algorithm (PSO) [14],
which is also adopted for searching optimal parameters.
e) M5: Radial basis function neural network (RBF) [15],
which can estimate the positional error of target position.
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Fig. 5. The calibration errors through methods on D1. (a) Robot position error of before calibration, M2, M12. (b) Position error of M1, M7, M12. (c) Position
error of M5, M8, M12. Moreover, the dotted lines are the average value of these algorithms, M 12 has a higher calibration accuracy than its peers do.

f) M6: Levenberg-Marquardt algorithm (LM) [6], which
has the virtues of both gradient method and Newton method.
g) M7: Differential evolution algorithm (DE) [17], which is
proposed on the basis of the genetic algorithm.
h) M8: QIBAS algorithm, which greatly improves the global
convergence ability of BAS algorithm.
i) M9: Genetic algorithm (GA) [8].
j) M10: Simulate anneal algorithm (SA) [9].
k) M11: Particle filter (PF) [4].
1) M12: EKF-QIBAS algorithm.
2) Experimental Results of Various Algorithm s
In this work, we make enough comparisons with several
state-of-the-art calibration algorithms to explain the
correctness of the developed algorithm. Table II shows the
RMSE, STD and MAX of these calibration algorithms, Table
III records the total time cost of M1-M12. The calibration

results through these algorithms on D1 are depicted in Figs. 3,

5. Moreover, Fig. 4 depicts their training curves and total time

costs on D1. Based on experiments, we have some findings:

a) The proposed EKF-QIBAS algorithm achieves higher
calibration accuracy than compared algorithms. From
Fig.3 and Table II, M12 achieves the MAX at 1.09mm,
which is 6.84% lower than M6's 1.77mm. Similar
phenomenon can be found on D1-4 when adopting STD
and RMSE as the evaluation metrics.

b) Incorporating quadratic interpolation into the learning
rule of a BAS algorithm can greatly improve its
convergence rate. As depicted in Fig. 4(a), (b) and Table
111, M8 and M12 take two iterations to converge in RMSE
on D1. However, the most fast algorithm M2 takes seven
iterations to converge in RMSE on D1. Similar situations
are also encountered on D2-4.



TABLE II
THE CALIBRATION RESULTS OF VARIOUS ALGORITHMS.

Dataset Metric(mm)  Before M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 Mi1 M12
RMSE 2.10 0.66 0.70 0.64 0.59 0.85 0.51 0.67 0.64 0.54 0.55 0.82 0.47
D1 STD 2.01 0.56 0.56 0.55 0.49 0.72 0.42 0.58 0.54 0.44 0.45 0.67 0.37
MAX 3.38 1.71 1.76 1.51 1.28 1.91 1.17 1.59 1.49 1.24 1.22 1.79 1.09
RMSE 1.72 0.69 0.64 0.58 0.46 0.78 0.44 0.64 0.51 0.47 0.44 0.82 0.42
D2 STD l1.61 0.52 0.50 0.45 0.36 0.63 0.35 0.52 0.38 0.36 0.33 0.68 0.35
MAX 3.73 231 2.37 1.83 1.48 2.74 1.41 1.88 1.75 1.52 1.53 232 1.32
RMSE 2.72 1.31 0.62 1.63 0.98 1.36 0.51 1.56 0.65 0.63 0.68 1.91 0.44
D3 STD 2.71 1.28 0.57 1.62 0.95 1.28 0.50 1.54 0.58 0.52 0.63 1.90 0.41
MAX 3.08 232 1.59 1.96 1.46 245 0.88 227 1.47 1.53 1.64 2.36 0.83
RMSE 5.81 1.32 1.45 1.26 1.05 1.56 0.98 1.22 0.95 1.24 1.15 1.24 0.78
D4 STD 5.76 1.25 1.41 1.23 1.01 1.54 0.95 1.19 0.89 1.17 1.11 1.22 0.75
MAX 6.84 1.64 1.75 1.55 1.32 1.95 1.27 1.58 1.16 1.58 1.46 1.62 0.92
TABLE III
TIME COST OF M1-M12 ON RMSE.
Dataset Item M1 M2 M3 M4 M5 Mé M7 M8 M9 M10 Mi1 Mi12
DI Iteration 13 7 8 30 400 60 40 2 50 40 12 2
Time(s) 24.66 108.19 23.25 137.36 24.81 135.23 123.56 21.24 121.33 120.35 30.22 40.64
D2 Iteration 10 6 8 30 400 55 40 2 50 40 15 2
Time(s) 22.35 101.68 22.35 132.58 22.48 125.15 115.46 20.31 115.69 110.62 29.46 38.15
D3 Iteration 14 20 12 50 250 50 50 10 45 45 12 2
Time(s) 70.23 141.43 108.45 438.44 117.78 220.81 220.35 43.66 458.56  421.87 45.92 111.48
D4 Iteration 12 8 9 30 400 60 45 2 55 45 13 2
Time(s) 25.56 110.23 28.36 142.39 26.49 148.21 132.65 22.58 130.68 118.34 28.56 45.92
TABLE IV following summaries:
THE CALIBRATED RESULTS OF KINEMATIC PARAMETERS. a) The proposed QIBAS algorithm can accelerate the
Joint i i/ ai/mm di/mm 0./ convergence rate of the BAS algorithm.
1 -89.9345 0.3579 289.2391 -0.4892 b) Based on the QIBAS algorithm, the EKF-QIBAS algorithm
2 -0.0345 268.3468 3.6792 -89.6092 is proposed in this work, whose calibration accuracy is
3 -89.6792 69.1437 0.3891 0.3491 . .
4 90.1356 .9864 302.9803 0.3846 higher than the advanced algorithms.
5 -90.5681 -1.3692 -0.8531 0.0852
6 0.3469 -1.2891 72.7831 0.2569 V. CONCLUSIONS

c¢) The developed QIBAS algorithm can effectively reduce
iteration time cost of a BAS algorithm. From Fig. 4(c)
and Table III, M8 takes 21.24s converge in RMSE on D1,
which is 80.37% lower than M2’s 108.19s. Similar results
can be obtained on D2-4. To enhance the robot calibration
accuracy of QIBAS algorithm, we adopt the EKF algorithm
to deal with the non-Gaussian noises in calibration process.
However, the EKF-QIBAS algorithm suffers from loss of
computational efficiency. We will design an model
parallelization with the help of GPU or other parallelization
computing frameworks for addressing this issue.

d) The proposed EKF-QIBAS algorithm has the lowest
robot positioning error among M1-11. As depicted in Fig.
5, we make extensive comparisons against state-of-the-art
algorithms on the calibrated robot positioning error. From
the above experimental results, the robot positioning error
is significantly reduced after calibration. Moreover, we
also can achieve the similar results on D2-4. And finally,
the calibrated kinematic parameters is listed in Table I'V.

C. Summary

According to the experimental results, we can draw the

To accurately identify the errors of robot kinematic
parameters, EKF-QIBAS algorithm is proposed in this work.
The EKF algorithm is employed for initial optimization to
address the issue of non-Gaussian noises during the
calibration process. Then, a QIBAS algorithm is adopted to
further calibrate the robot. To our best knowledge, compared
with the existing state-of-the-art calibration algorithms, it has
much higher calibration accuracy. Furthermore, the future
research work is as follows:

a) Although the proposed EKF-QIBAS algorithm has a high
calibration accuracy, its calculation efficiency is relatively
low. Thus, the training acceleration methods will be
researched to accelerate the training process.

b) Non-geometric factors will be taken into account in
modeling to obtain more accurate error sources.

¢) Dial indicator is also a common measuring device, its cost
is comparably low. We plan to develop an industrial robot
calibration scheme based on dial indicator for reducing
measurement cost.

d) We will develop the robot calibration scheme based on
spatial constraints for complex measurement environment,
like plane constraints, distance constrains, line constraints
and spherical constraints.
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