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Inverse kinematics solution of an unsupervised learning drilling boom

WU Jiang, XU Haoyuan, YAN Haoqi, XIONG Feng, CAO Xingyu, GAO Lulu, DUAN Jingliang, MA Fei™

School of Mechanical Engineering, University of Science and Technology Beijing, Beijing 100083, China
BACorresponding author, E-mail: yeke@ustb.edu.cn

ABSTRACT Intelligent control of the hole-seeking process of a rock drilling rig boom is crucial for enhancing the accuracy and
efficiency of rock drilling operations. The inverse kinematics solution (IKS) is the core of achieving precise and rapid hole-seeking
control of the boom. However, existing analytical and numerical techniques are inadequate in fulfilling the accuracy and time efficiency
requirements for IKS in complex drilling boom scenarios. Conventional neural network (NN) approaches heavily depend on labeled data
comprising target borehole sets derived from the activities of each joint and forward kinematics. The distribution of drill endpoints
generated by this data cannot cover the entire workspace, resulting in the low reliability of the solution. To overcome these challenges,
this study introduces an unsupervised learning-based NN method for IKS emphasizing safety constraints. This innovative method differs
from traditional approaches in that it does not depend on labeled data. Instead, it utilizes the desired end position of the drilling boom as
the network input. The network generates an eight-dimensional joint vector, and the actual drill end pose is derived through forward
kinematics calculations on this vector. Then, the difference between the actual and desired drill end poses is used as the optimization
objective, driving the network updates through gradient descent. The advantage of this method lies in eliminating the need for complex
joint label data required in supervised learning IKS and using the differences in drill end poses directly as optimization objectives, which

helps improve the accuracy of IKS. Meanwhile, a critical innovation of this study is integrating a safety collision penalty into the
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objective function of the solution, ensuring that the network’s output for joint positions adheres to specific environmental limitations. If

the actual distance falls below the safety threshold, penalty terms are incorporated into the objective function, allowing for the

adjustment of weights to maintain a balance between the precision demands of hole drilling and the design requirements of the safety

constraints. This method improves the accuracy of IKS and significantly reduces its collision rate. Experimental results reveal that the

mean hole-seeking error obtained using this unsupervised learning-based method achieves a mean hole-seeking error of 5-7 mm in IKS,

a significant improvement of approximately 70.72% over supervised learning methods. Moreover, introducing safety constraints has

successfully reduced the collision rate in IKS solutions by 90.28% without sacrificing the accuracy of the solutions.

KEY WORDS drilling boom; inverse kinematics solution; unsupervised learning; neural network; collision penalty
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Fig.3 Schematic of the rock drilling rig boom: (a) rock drilling rig; (b) eight-degree-of-freedom drilling boom coordinate system

TR {7 ¢ TE) L. S e bRk — [ AL, A SOH Dk /)
B 55 AR AL AR 4 M T 28 R B 2R S
s 22 E 9 FALIY 2 H AR, dnlEl 2 Firs.

Propulsion
beam  Actual drill
end
= ":rl( Target hole Preview
Start pomt\ positional

D End point deviation
Positional p
deviation

B2 Wil RR

Fig.2 Preview representation

1.2 $HBEEZhESH

A B 3(a) FrR A 6 E /W H B
T, L OGHY 3R 8 S EE B O T, AR K N e
KT BVE IE | 0012 32 5 B e TALAVE L i B e 2
fitlt, o E 2 2l 2% 2 MR 40 B R A O i E B R v
PAT AR (RIS ) A7 22 0y b 2. AR A 1Y IE | i
B 8%, ARICRH T D-H S804, B 3(b) R T
B AT 5 D-H AR bR R Z R A XN e 2R

D-H ¥ 1 Bl 5% U 728 48 i [ 3R 7 AR SR 5 A 5815
Z A PR R e e G R P, HARak T .

1T = Rot(X, @;—1) x Trans(X, a;—)x

Rot(Z,0;) x Trans(Z,d;) =
cosb; —siné; 0 a;_q
sinf;cosa;_; cosbicosa;_; —sSina@;_; —d;sina;_i
sing;sina;_; cosf;sina;—; cosa;_; d;cosa;_i
0 0 0 1
QD)

B TIT R S o X 36 4 - 1 B A B
0; 4% 7 M AR AT 22 1] f4 & £, by KA 408 32 T 1) 2 2
LR, XK R TBi T, Zh &L TER
TAEVE B2 35 1, @i 8 Zis 5 22 181 31 A
ai—1 I FHAREFT 26 A T2 A R

A A8 0 0 I P R, R SR AR B R R i A T
ARG S A bR 2R B 4 K

\ s
Z \;[ :xg 8-End effector
¥ 2, moving joint

7-Oscillating
X3 compensation

1-Base 2-Big3-Large boom4-Pitching 5-Swing 6-Pitch joint

boom telescopic ~ joint  joint compensation
hinge joint joint

TNEE; (b) /N H R A bR AR TR



- 1482 -

TRERLF2ER, 26 46 5, 5 8 1

ny Ox dx Px
ny Oy 4y Py
n; o0; da; p;
0o o0 O 1
KA. [m,0,a] R 85 AR diig AH XT3 A8 bR R 04 i 5% 40
M, AT F AR A 8l Sk A T 38 A8 AR &R B9 7 ] 1) &
[PxsPys )T A S AF R L A A 2R A9 07

2 EEREZREARPWETEEFIBBENE
FIEHFRETT IR

TE B HVR 8 R i 19 30) B2 AL A2 0 228 25 A 1
& B R A A5 AN S R A AR R O A
BB T 0 g R AR, T/ R A
R i 52 2 1, BT e A 3 LAGE T, B VR e i )
Fp DR A FRA JEE N8R D figh ke B3R (] A0, A 2
I G T 22 I 2% 1) 383 B 2 SR O k.
21 HEFIBMEMNEIIEIHNFERESE

BUAT i 22 ) 4 39002 Bl oK A D vkl D
2] AU HEDL, 38 1 0 AR A8 RN AR AR 7 AU
0 2D A5 BB Sk A0 43 B OGBS . bR 25 K diE
A 2% G B (B 48 ) FIE S )~ 44 21 1 H AR AL
AR I R TG ¢ i i A 4. BRI Zhid 72
WAL 4 FT 7, K b 2 K030 48 P 1 b e L AR R A
TP A 228 e A 3 4D 2 T i) A S o 24 R S 37 8 )
P 265 i A, 22 a9 2% i A 31\ A ST ] AR O
Wiz A A, 8 1 fe /M IE B S A S AR 2 RO
B P IR OG22 (L BEA T M 2% A

O _ Opl g2 gp3pd nSn6 7 _
0T =T T2 T3S TSTIT = 2

Labeled data
o 78 . ].Expected
2 6 joint posture
‘123 45
» Actual joint
Start point output
& Expected 4
(e drill end q
- 5 Update |
End point [t bttt
\_ p T MLP

Bl 4 B o) BIBREE W2 5008 127K i 5 vk
Fig.4 IKS method of the neural network for the supervised learning

framework

VL 90 24 i A L B AL A A A D 3
SR B AR (p py, po) P R (2) B3 3RS,
T2 RLAE AR (P py, pO BTS2 AT

p:r ny Ox Ay 0 } Px

Py |=D-| ny oy ay |- 0 [+| py

P; n; 0z a 1 Pz
3

AP D B ITREL, (P, py, po) 2 B SR A XS T

HE AR R A AE Z5h B T 1] ) PR
R, A ATSYE 0] 3 Pexp 278 01 F

Pexp = [p2> Pys s Pl P P21 4)
A (P;,P;,Pé)ﬁ?%?ﬁﬁﬁ}ﬁﬂéﬁ, (px’py’pz)’]'ﬁ%%d@
FLAR IR A AR R,
R A P SR it 5 s, AR SO 3935 3 2 ) 2% 5K i
RN N
Gact = [(Pexp; w) (5)
K AR wR TR S5 dae =
[01,62,d3,64,05, 0,07, dg 1" 3 2 Bty Hh 11 645
it FH A 25 B8 4R Qqup T B OC T 1 ey H i80S
Bl 27 SR A 3 18 52 B At ac 8 35 U0 AL H B bR K
lioing, TFRAA AN
ljoint = EPexp,¢exp~QSup |:”f(PeXp’a)) _(bexp“z] (6)

22 RHEEBFIBMENELIEHNFERERSE

TE bR MBS o 2] BB 28 ) 45 300308 Bl °7 SR A 7
L, Bp 2 B Quup R h 25 ST TG Sl B R 12 3)
A BB H b A L A R B A R TG 2% a5 AL, M
FLAR 4 £ 19 23 8] 43 A1 DL S YOZF- T #%52 W K 5(a)
JIr R B SR AE S bR T A rh, BEAIL A= i 5% 35 i 1
7 GV B ) B R AR S 02 48 N T T T, HL A
F1R) R S st 70 A TG 12 TR o A A A )L L B R
M B T A AR 5 e A8 Al R A S (]
ANVC TS, 5 T 52 06 33 5 2y 2 B SR AR oRS B2 A S HT AR
{EL. D 32 v BB 14 TARRCR A7 i (4 3 A, AR o
FERRE SE PR 75 SR A i 1 A5 iy S0 R AL 4 Y
AEbR 2 B B (A & X B G ) . il TS brdE 1
T AR LR D, ek B T R 45 1 2,
LG AR SR 7 1 TR S5 B L 75 1 ) L K 40
1777 R HM LR fh 509 23 18] 3 A LA K YOZ-F
TR A 5(0) Bz . 455 20 (3) o J I 28 i 131
Bon 3, R LA RE iy s e LS fh i 0 T 2% A5
L 7S A 1] S, e 2P BT I K5 2R Quasup -

5 TR A BE B, 2E— AP R — A o
> U 2 ) 2% 10 as B AR AR O k. W TEL 6 TR, i
J7 U LA F B A AL AR Gty 5 R0 T 2 A i ) 2 T
[ i PR SOV R 2 A, 8 0 46 i A 31\ 4k
T[] i, [5G IE & 3o 18 OHE QLR AT 5L PR gl
T R v (o7 4 i o, 368 e /I S0 B S g A S
P (37 2 Hiy 1 F) 2 (L SEORT 1o 28 0 268 2 500 107 1k Y
DUFAAE T8 2 M B o 2T SR A ao e v i o B9 52 A 5K
TR S RO, IR B R S 0 S 25 S HAEAE
A B bw, A B T8 i 102 s Ao R A



S VLA O A o) B B 0 IE Bl R O 1k

- 1483 -

-20 -15-10-05 0 05 1.0 1.5 2.0
Y/m

4.0F
35¢
3.0r
25¢
2.0¢F
15¢
1.0r
051

Z/m

-20-15-10-05 0 05 1.0 1.5 20

Y/m

Bl 5 MEMEERA. (a) BT BURE Qup; (b) TCHTE 2 TEHRE Quasup

Fig.5 Network structure input: (a) supervised learning dataset Qgp; (b) unsupervised learning dataset Qunsup

Propulsion
bean

|
L)

End poin

Start point
ol

Actual
drill end

Forward

Expected | [ kinematics
drillend | - Update |
Bl 6 ol S RUph 22 I 4 R I Bl R Ay 12

Fig.6 IKS method of the neural network for the unsupervised learning

framework

R S W AR T ST w I
lpos = EP-uuey {IFLF(Ps )] = PIP} (D)
Kb ERBUAIE, FoyIEEsh it B AR fh
SRR w  TF AL 25 280 PO ok B RS 4R
Qunsup 1075 28 A T . e T3 450 2% v 8K, SR
Tl B2 T WX 1 4 2 0G4 T S0
d 08

K o (KT IR B L5 K RN R Ko3h
BH 5T 5, o WAV HR 2 2 2R, B T
T A BB U B s 1 2 7B 2205 Lpos () 0 190 245 £

(8

P H b Fr W28 S0, R4 24 A 2 fL O AE R
i 1 SPGB ey = (P ) RV AT SEBLAE LRV .
23 EELZEARNMATEEFIBMBENELIE
BhF KR

FEA DR T FLRG B2 0 ] B, (R B B0 R o 5 45 i
FFZ 18] DA B 45 22 AT 5 48 1 PR 0 2 18] (9 22 2 g 22
KRH B N SLBZ H bR, AR SCR FH— P ] AL 4 42
GBI AR B LR, O )G R G A5 R R AT Al
AN, LA A OG5 07 B A 4 Ak

TEAR i R v, B A W 9 4 s TR 22 2, il 0L
R S Bl Sk 5 BR AL L 5F, X ] fE S U R Y
B ) 9106 135 R Z T kA e fih %2 1, 2 561
AR BE AR O B (1] 7)), AR SO i = A SR i —
ASHEPA, I P 1A A A T G A o A
P A 158 A T 6 1 I 43195 200, ) W Al R A
FI YRR . 55— 07 T, e ad U B 45 58 39 B A
YOZ ~F- T 1 B 5 5 45 38 P B B 2, R 3R 1 K
A PRSERE R . B RS G, AR SCIRE T A
SRR B AR T3 LA R R X PR 2 6] ) 4
B, B ANSE AT A ] F AR R ECR . 7R RIESK i
KR RTR T, TH R BIAF & AR AR G &



TRERLF2ER, 26 46 5, 5 8 1

- 1484 -
7 8

L H, L, G |H

20 s ’3-........{.»} -
U 2
7 s W F :Ad
AT it o ol U
1/ Bl L, CRD\4E\5

Bl 7 AR e R R

Fig.7 Envelope surface position relation diagram

E QRN R AT N

i i 3D 5 R AR AR AL e (9 J7 %, 4545 D-
H 280, ARG 4 1 AP A 09 55 AL e FE G 2 0T
27, 3T 4T 3T, ST 1T ST, AR 24 4% 56715 M % 3k
MR AR B ALE A ~ HAT R b AR A A B A
AR 7S ] AR R N (xa,ya,24), IR HZE LAY T7
AR Al A 25 ) A B e, P 7 P ]
Ly "R N

Ly =C—A=[xc—xa,Yc—Ya-2c — 241" 9

[ 18 Lo 78 A :

XH
L,=H-Hy=| yu ]—
ZH
Xy ny Oy ay 0
[ yu |+L-| ny oy ay ]l 0 ]] (10
ZH n; 0z a -1

Frf LR 0E 8 0 B, A B Bl Sk F G 3 Al b R

TE 0 5T 1) 1) £ ] SR AS HE E 92 00 46 057 & Ho.
ML, L, RIS M NYEFEAR R R Tl 3%

RN

M = Hy+u(H - H,

{N:Aiv(c(—A) 0) an

2 i 3 M [ ik Lo L5 {60 8 Ho M
F 20 v 3 45 NE 6 1 Lo b 5 3 B AR
By
S e B BT M NP 2 A B
dyn() = (A +Ay) + (B2 (12)
S Al M. N5 s B 022 (1 ) 70 Ay,

Arch
ceiling

Left
wall

Ground

Right
wall

Az Hy . 2B BRI 2EH.

S dy G B B, R TGS 5
O 5 0. 8 3275 FRALK Mk h M 05 FF 22 ] B
INFE B XN W u, v, FHug[0,1]18 v ¢ [0,1], F B
0 [l 2 1) R A7 A /B B, R % 2k R 2
v e [0, 11, T A Hy 0 74 00 90 A T o, 0%
VIR A (12) o, A 795 455 B daa

MAPRIE B dyy KR FERAKIE S5 2 45
(. 2 T, 0 F 5% R T, Bkt

safety

.

self
dyn=r +nr +dsafety (13

s e kg T R A A 26 T 0 2 AR R R

A, T R H AN, A SCAE Bl ReLU PR %K

RV THE I, 152 3675 H BT W BT bR B Lere:
it = E[ReLU (& + 7y + 1y~ du)| (14

FEVI St B o, 552 B B/ T2 4B B PR %
SOV B B BTG T, B FA K 1 R, AT
W A A 2.

UNFEL 8 %, 2545 S 0 y Al b A
T % 4 B 5 el |, s 7 4 B K F B 0% 4

et o 7 b T RO 2B e, 2T
'—?%iﬁﬁﬁiﬂﬁi, ﬁtﬂﬂ‘%’%ﬂg%ﬂ%ﬁ @%&lwall N lground N
larch E/‘J *@@ﬂn —F :

lwan = E [ReLU (|yl.| _ d:;?gt y)]

lgrouna = B[ReLU (%00 - 2)] (1)

larch =E [ReLU (Zi _ darch )]

safety

Ky W& KRTTTED-H AR R T By, 22845,

3 X R i I8 X, o e A G AR S AT A
TER AN G B, B Lo /E R AAL H A5 R %K,

Lseif + Lwait + Loround F1 Laren 1 R FE ST I, JE B A 2K fi

H ¥ L:

B8 HH MR

Fig.8 Cross-section projection of the tunnel
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Table1 IKS of an unsupervised learning drilling boom with the

constraint update pseudo-code

Algorithm: IKS of an unsupervised learning drilling boom with
constraints

Define the neural network model, forward kinematics equation

Initialize the policy network parameters wand learning rate 179
Input the expected drill end set Lunsup

Repeat

Select the batch size group data at random from P ~ Qypsup

The objective function of precision optimization is constructed by
equation (7)

The constraint penalty function is constructed by equations (14) and
s)

The overall optimization objective function is constructed by
equation (16)

Use equation (8) to update the neural network f(P;w)

until convergence
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Table 2 Results of the partial IKS

Case Data type

Data information

Desired drill end pose information/cm
Network eight-dimensional joint output/[cm or (°)]
Actual drill end pose information/cm

Hole-seeking error (current—preview)/cm

[793.4398, 44.0928, 130.7683, 1117.0637, 108.5795, 133.7697]
[-5.6367, 94.5682, 384.5086, 91.7801, 105.1901, 127.0768, 2.7014, 293.2353]

[793.0550, 44.2775, 130.8357, 1116.7893, 108.2098, 133.7959]

(0.4320-0.4609)

Desired drill end pose information/cm

Network eight-dimensional joint output/[cm or (°)]
Actual drill end pose information/cm

Hole-seeking error (current—preview)/cm

[707.1773,26.7246, 164.3249,1015.4975, 5.9536, 280.1145]
[-0.9786, —86.6738, 345.3153, 71.4261, —86.3577, 81.5845, 5.3307, 267.6779]

[707.7624, 27.2083, 164.7482, 1014.9023, 5.5435, 280.5214]

(0.8363-0.869)
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4 F
3 L
g g
N 2 N
1 L
o -;-‘-r e g

LR S AN i AN R T e L)
0 1 1 1 1 1

-2 -1 0 1 2

Y/m
4.0
2.80+0.91
()

35+

3.0 2.2240.61

25}
g
&)
5 20F
g
[83)

15¢

=+
Lol 065031
0.5
0
CUIKM SIKM NM
Method
B 11

ot ©® 6288.7+892.7
5 10°
£
o
&
[_4

A4+37.
o b AT suaiss

CUIKM SIKM

Method

NM

BT, (2) MGG EEXT ELIEL; (b) 3032 2RI ] X Ee P

Fig.11 Experimental analysis: (a) comparison of testing accuracy; (b) comparison of IKS time



S VLA O A o) B B 0 IE Bl R O 1k

- 1487 -

FROR ARG BEREAR, 025 B /N, A2 OGS 1)
REAEE R RN, 200 Z R OB, A, phr il e
A 110 e S BUR R 56 5 0RG B ) 5 AR A
A% CUIKM, K%%Fﬁﬂ@%”kd#jﬁ%
UIKM F1 SIKM 7£ [5] — 32 £ (1000 21 4 FL 15 18

() 5 R SS A T T geit, BRE OIS 0L 3.
A LLFE Y, R S CUIKM R 27 6ilf 4 22 4 0.62%)
] 8% A5 - b i G A RO T TR 457 B Y Bl ARE, (R 4F
AR AR 2, AHE: T SIKMCEHIREHE %8 6.38%),
Blf 18 AR T 90.28%.

3  wEErEAE

Table 3 Comparison of collision performance

CUIKM UIKM SIKM
Test
Self  Wall Ground Arch  Self Wall Ground Arch  Self Wall Ground Arch

Group 1 8 0 1 0 184 39 25 24 50 3 4 4
Group 2 2 0 0 2 359 86 19 50 37 5 3 23
Group 3 3 0 1 0 418 48 66 78 20 1 11 55
Group 4 7 1 0 0 126 22 52 98 20 10 14 4
Group 5 3 0 0 3 658 3 43 13 30 3 18 7

Average collision rate 0.62% 48.21% 6.38%
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