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Abstract: A rock-drilling jumbo is the main piece of tunneling equipment used in the energy and infrastructure industries in 
various countries. The positioning accuracy of its drilling boom greatly affects tunneling efficiency and section-forming quality 
of mine roadways and engineering tunnels. In order to improve the drilling-positioning accuracy of a three-boom drilling 
jumbo, we established a kinematics model of the multi-degree-of-freedom (multi-DOF) multi-boom system, using the improved 
Denavit-Hartenberg (D-H) method, and obtained the mapping relationship between the end position and the amount of motion 
of each joint. The error of the inverse kinematics calculation for the drilling boom is estimated by an analytical method and a 
global search algorithm based on particle swarm optimization (PSO) for a straight blasting hole and an inclined blasting hole. 
On this basis, we propose a back-propagation (BP) neural network optimized by an improved sparrow search algorithm (ISSA) 
to predict the positioning error of the drilling booms of a three-boom drilling jumbo. In order to verify the accuracy of the proposed 
error compensation model, we built an automatic-control test platform for the boom, and carried out a positioning error 
compensation test on the boom. The results show that the average drilling-positioning error was reduced from 9.79 to 5.92 cm, 
and the error was reduced by 39.5%. Therefore, the proposed method effectively reduces the positioning error of the drilling 
boom, and improves the accuracy and efficiency of rock drilling.
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1 Introduction 

Energy development and infrastructure construc‐
tion are very important worldwide. The drilling-blasting 
method remains one of the primary techniques used 
in hard-rock roadway excavation (Sethu et al., 2017). 
Rock-drilling jumbos are the most widely used tunnel‐
ing equipment in coal-energy exploitation and under‐
ground tunnel construction. Compared with traditional 
rock drills, the three-boom rock-drilling rig has the 
advantages of high mechanization and fast drilling 
speed, which can effectively improve drilling efficiency 
and reduce labor intensity for workers. The positioning 
accuracy of rock-drilling booms is an important factor 
affecting excavation efficiency and section-forming 
quality in the mining of roadways and engineering 

tunnels (Kahraman et al., 2006; Wang et al., 2015). 
The self-weight, strong coupling, complex structure, 
and long boom length of a three-boom drilling jumbo 
can easily cause excessive positioning error, which 
significantly hinders the efficiency of roadway exca‐
vation (Costamagna et al., 2018, 2021; Navarro et al., 
2019; Tsagaris and Mansour, 2019). Therefore, accurate 
prediction and compensation of positioning error for the 
drilling mechanism of three-boom rock-drilling jumbos 
is key to improving drilling performance.

Many researchers have extensively investigated 
kinematic solutions. Köker (2013) combined a simu‐
lated annealing algorithm with a neural network to 
solve the kinematics, and confirmed the superiority of 
the proposed algorithm in the Puma 560 six-joint robot. 
Chen et al. (2014) introduced a kinematic analysis 
method for a multi-degree-of-freedom (multi-DOF) 
thumb robot, based on dual quaternions. Zhang and 
Hannaford (2019) developed a knowledge-based intel‐
ligent system that could solve closed inverse kinemat‐
ics problems using behavior trees, imitating human 
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expert behaviors. Jiang et al. (2017) resolved the in‐
verse kinematics issue for a 6-DOF robot by utilizing 
a back-propagation (BP) neural network algorithm op‐
timized by particle swarm optimization (PSO). Wu et al. 
(2021) combined the parametric method with a multi-
objective evolutionary algorithm, and added a popula‐
tion migration strategy and an adaptive interval search 
operator to the algorithm. They demonstrated the ef‐
fectiveness of their approach by using an 8-DOF tunnel 
shotcrete robot as an example to solve the inverse 
kinematics problem. To address the inverse kinemat‐
ics problem in a 7-DOF manipulator, Zhang and Xiao 
(2019) incorporated chaotic mapping into the artifi‐
cial bee colony (ABC) algorithm to avoid local opti‐
mization. Liu et al. (2021) enhanced the PSO algo‐
rithm by dynamically adjusting the inertia weight with 
a similarity method to address the inverse kinematics 
problem of manipulators that fail to meet the Pieper 
criterion. Wang et al. (2020) introduced a novel opti‐
mization method for inverse kinematics that used 
Gaussian damped least squares. Faster convergence of 
the algorithm was achieved by incorporating the optimal 
enhancement step coefficient. Neural networks have 
also been utilized in inverse kinematics, and offer the 
advantages of rapid convergence and reliable stability 
(Chiddarwar and Babu, 2010; Köker et al., 2014).

In recent years, there have been numerous stud‐
ies examining the positioning error of different manip‐
ulators. Zeng et al. (2017) devised an error prediction 
model utilizing the linear unbiased optimal estimation 
technique, grounded in spatial similarity. Luo et al. 
(2021) developed a joint clearance-based error model, 
which predicts the positioning error for every joint 
position. The experimental findings illustrated that this 
technique was successful in reducing positioning errors. 
Chen et al. (2019) proposed a compensation method 
for position error in aviation drilling robots, which 
combined error similarity with a radial basis function 
(RBF) neural network. To enhance absolute position 
accuracy, Yuan et al. (2018) developed a compensa‐
tion method based on an extreme learning optimiza‐
tion model. In order to improve the absolute position 
error of the manipulator in an automobile assembly 
line, Cao et al. (2019) examined a method that reduced 
the absolute position error of the robot using machine 
vision and a neural network. Du et al. (2021) intro‐
duced an online cognitive joint angle error compensa‐
tion method based on incremental learning, to address 

the impact of the joint angle error of the manipulator 
on the precision of the end effector. Yu (2021) utilized 
a BP neural network, RBF neural network, and control 
module to mitigate non-geometric error in a parallel 
robot. The effectiveness of this approach was demon‐
strated by experimental results. Li B et al. (2022) de‐
veloped an error compensation model for an industrial 
robot, utilizing a neural network optimized by the ge‐
netic particle swarm algorithm, resulting in improved 
positioning accuracy for the robot. These studies pro‐
vide a theoretical foundation for the precision com‐
pensation of manipulators.

According to the existing research, the drilling 
accuracy of drilling jumbos has been limited to 10 cm 
for a long time, and the causes of inaccurate position‐
ing of the drilling boom (such as shaft-hole clearance, 
friction, and flexibility) cannot be eliminated. There‐
fore, what we consider here is the effective simulation 
of various factors with neural network models to real‐
ize accurate compensation of the movement error of 
the drilling boom end position. The paper is structured 
as follows. Section 2 describes how we combined ana‐
lytical and iterative methods to enhance the efficiency 
of the kinematics solution. Section 3 shows how we 
optimized the BP neural network using an improved 
sparrow search algorithm (ISSA), and established a 
positioning error prediction model for a three-boom 
rock-drilling jumbo. Section 4 presents the results of 
experimental positioning error compensation. Conclu‐
sions are drawn in Section 5.

2 Kinematics of multi-boom rock-drilling jumbos

According to field-drilling and blasting-excavation 
experience, tunnel-excavation quality depends on the 
quality of drilling holes, which are determined by the 
positioning accuracy of rock-drilling-jumbo drilling 
booms. For the drilling holes in the working face, the 
tilt angle of a peripheral hole can easily cause serious 
over-excavation or under-excavation of a tunnel, while 
the tilt angle of the cut hole will determine blasting ef‐
ficiency. Therefore, it is necessary to accurately draw 
the centerline and contour line of the excavation section 
and mark the drilling position. Then, the rock-drilling 
jumbo must be positioned at a certain distance from 
the working face and the centerline of the jumbo kept 
stable and parallel to the tunnel axis, to ensure that 
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the drilling boom is able to reach the target drilling 
hole in each area of the working face at an appropri‐
ate tilt angle.

2.1 Mathematical model of kinematics

The boom structure of a three-boom rock-drilling 
jumbo comprises five rotating joints and two moving 
joints, which provide seven DOFs, as illustrated in Fig. 1. 
To study the kinematic features of a three-boom rock-
drilling jumbo, we established a kinematic model of 
the boom utilizing the modified Denavit-Hartenberg 
(D-H) method (Zhang et al., 2014).

According to the principle of coordinate transfor‐
mation, the D-H parameter table of each boom is ob‐
tained as shown in Table 1. θ i, di, ai - 1, and α i - 1 repre‐
sent the rotation angle from xi - 1 to xi around the zi 

axis, the translation distance from xi - 1 to xi along the 
zi axis, the translation distance from zi - 1 to zi along 
the xi - 1 axis, and the rotation angle from zi - 1 to zi 
around the xi - 1 axis, respectively.

Therefore, the transformation matrix for the joint 
pose between the adjacent coordinate systems i and 
i−1 can be presented as
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where cθ i, sθ i, cα i - 1, and sα i - 1 denote cos θ i, sin θ i, 
cos α i - 1, and sin α i - 1, respectively. The overall trans‐
formation matrix of a drilling boom is shown as
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where n=[ nx ny nz ] T, o=[ox oy oz ] T, and a=[ ax ay 
]az
 T are the direction vectors of the coordinate system 

at the end of the drilling boom in the base coordinate 

system. p=[ px py pz ] T is the position vector of the 

coordinate system at the end of the drilling boom in 
the base coordinate system.

2.2 Inverse kinematics solutions for different working 
conditions

The 7-DOF manipulator of a three-boom drilling 
jumbo functions as a drilling boom. Though it pos‐
sesses high flexibility and can efficiently navigate 
obstacles in space, it presents challenges in terms of 
solving the inverse kinematics. Currently, the two 
primary methods for resolving reverse kinematics in‐
clude the analytical and iterative methods. While the 
analytical method can produce quick and precise re‐
sults, it can only solve inverse kinematics if the ma‐
nipulator structure satisfies Pieper’s criterion (Raghavan 
and Roth, 1993). The iterative method is appropriate 
when there is no analytical solution, but it relies heavily 
on the initial value and is time-consuming.

Blast holes can be categorized as cut holes, auxil‐
iary holes, or peripheral holes, based on their function. 
Fig. 2 displays the drilling hole layout diagram for a 
tunnel.

Fig. 1  Structure and kinematics model of a drilling boom: 
(a) drilling boom structure of a rock-drilling jumbo; (b) 
kinematics model of a rock-drilling boom

Table 1  D-H parameters of a drilling jumbo

i

1

2

3

4

5

6

7

αi−1 (°)

0

90

90

0

90

90

90

ai−1 (mm)

195

150

0

0

0

60

245.5

θi (°)

(−42, 42)

(−145, 48)

0

(−190, 190)

(−100, 280)

(60, 135)

90

di (mm)

50

0

(5598, 8098)

0

661

614

(4022, 5822)

Variable

θ1

θ2

d3

θ4

θ5

θ6

d7
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When drilling various boreholes, the necessary 
positioning of the drilling boom also varies. For in‐
stance, when drilling auxiliary holes, it is crucial to 
position the drilling boom perpendicular to the tunnel 
face. We propose a new combinatorial calculation 
method designed to eliminate the waste of time and 
hardware resources caused by iterating all drilling holes. 
We adopted analytical methods to solve straight-hole 
conditions, and iterative methods to address the work‐
ing conditions for inclined holes.

2.2.1　Analysis of straight-hole conditions

The inverse kinematics analysis is conducted with 
the drilling boom oriented perpendicular to the work‐
ing face. According to the operator’s habit, the rolling 
angle is divided into 0° and 180° for discussion. It can 
be seen from Fig. 1 that the end joint d7 is a moving 
joint. After the values are determined for all six joints, 
d7 only needs to move on its axis. Therefore, d7 can be 
regarded as a constant here to reduce computational 
complexity. The right side of Eq. (3) follows the chain 
multiplication criterion of the forward kinematics 
approach.
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The equation is expanded and simplified based 
on the various positions of the drilling boom.

Case 1. When the roll angle is 0°, the constraint 
can be obtained: θ2 + θ5 = 0°, θ1 + θ6 = 90°, and θ4 = 0°.

Make the elements at (2, 4) positions on both 
sides of the matrix equal:

( py - a6 ) cθ1 + (a0 - px + d7 ) sθ1 = d5. (4)

After trigonometric transformation of Eq. (4),

θ1 = arcsin
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Therefore, θ6 = 90° - θ1.
Make the elements (1, 4) and (3, 4) on both sides 

of the matrix equal. Set L1 = ( px - a0 - d7 ) cθ1 + ( py -

a6 ) sθ1 - a1 - a5 and L2 = pz - d1 - d6. Therefore,

{ a2cθ2 - d3 sθ2 = L1
-a2 sθ2 - d3cθ2 = L2.

(6)

Add the squares of both ends of Eq. (6):
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2 . (7)

After trigonometric transformation of Eq. (7),

θ2 = atan2( - L2 L1 ) - atan2(d3 a2 ) . (8)

Therefore, θ5 =-θ2.
Case 2. When the roll angle is 180° , the con‐

straints can be obtained: θ2-θ5=-180°, θ1-θ6=-90°, 
and θ4 = 180°.

Make the elements at (2, 4) positions on both 
sides of the matrix equal:
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After trigonometric transformation of Eq. (9),
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Fig. 2  Drilling hole layout diagram for a tunnel. References 
to color refer to the online version of this figure
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Therefore, θ6 = 90° + θ1.
Make the elements (1, 4) and (3, 4) on both sides 

of the matrix equal. Set L3 = ( px - a0 - d7 ) cθ1 + ( py +

a6 ) sθ1 - a1 - a5 and L4 = pz - d1 + d6. Therefore,

{ a2cθ2 - d3 sθ2 = L3
-a2 sθ2 - d3cθ2 = L4.

(11)

Add the squares of both ends of Eq. (11):

d3 = L2
3 + L2

4 - a2
2 . (12)

After trigonometric transformation of Eq. (12),

θ2 = atan2( - L4 L3 ) - atan2(d3 a2 ) . (13)

Therefore, θ5 = θ2 + 180°.
All of the formulas for inverse kinematics have 

been acquired.

2.2.2　Analysis of inclined-hole conditions

In general, a drilling boom has the capability to 
reach the blast hole in any position, while each joint 
is unconstrained. However, the analytical method cannot 
be utilized when the drilling boom does not satisfy 
Pieper’s criterion. In this case, only the iterative meth‐
od can solve the inverse kinematics. The ZYX Euler 
angle shown in Fig. 3 can be implemented in Eq. (14) 
to express the attitude angles of the object.
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The object has three attitude equations and three 
position equations in space, so there are six nonlinear 
equations in total. Set f = [ f ( )1  f ( )2  f ( )3  f ( )4 ,

]f ( )5  f ( )6  T.
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   (15)

where 0
7T (i j ) represents the element of row i and 

column j in the pose matrix. In summary, solving a 
set of complex nonlinear equations is key to solving 
inverse kinematics. PSO has become widely accepted 
due to its high accuracy and quick convergence (Liu 
et al., 2007; Li et al., 2012). In light of the challenge 
posed by selecting the initial point of the conventional 
numerical algorithm, we employ the PSO algorithm to 
obtain the search point, which is then allocated to the 
global search algorithm to solve the inverse kinematics 
equation. The solution steps are shown in Table 2.

Fig. 3  Blast-hole layout diagram of a tunnel

Table 2  Steps for solving inverse kinematics. c1 and c2 are 

learning factors, and nr1 and nr2 are random numbers between 0 

and 1

Input: position and attitude matrix (T), population (p), iteration 

times (t), inertia factor (w), objective function ( f )

Output: joint variables (θ1 θ2 d3 θ4 θ5 θ6 )

Step 1: Determine the initial position xi and its velocity vi.
Step 2: Calculate particle fitness and update individual extremum 

(pbest) and global extremum (gbest).
Step 3: Update particle velocity:

vi =wvi + c1nr1( pbesti - xi ) + c2nr2( gbesti - xi ) .

Update particle position: xi = xi + vi.
Step 4: Output search points after iteration.
Step 5: Use global search to solve the equation at a given 

initial point.
Step 6: Global search algorithm generates test points, initializes 

thresholds and counters, and starts the main loop.
Step 7: Output the result when the end condition is met.
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In order to verify the effectiveness of the PSO 
combined with the global search algorithm, we first 
randomly generated a series of joint displacements and 
angles within the moving range of each joint, as the 
inputs of the algorithm. They also served as a refer‐
ence for the accuracy of the inverse kinematics solu‐
tion of the drilling boom. The corresponding end posi‐
tion of the drilling boom was obtained from the dis‐
placements and angles of each joint through the for‐
ward kinematics model. PSO was used in combina‐
tion with a global search algorithm to find the inverse 
solutions corresponding to the generated end position 
of the drilling boom, which was taken as the estimated 
value of every joint. We randomly selected and verified 
550 sets of data to validate the algorithm’s accuracy. 
The input consisted of the drilling boom’s position and 
attitude at the end, while the output included the joint 
variables. By comparing the estimated values with the 
true values of the joints generated randomly, we were 
able to obtain the inverse kinematics solution error of 
each joint, as shown in Fig. 4a; Fig. 4b presents the 
comparison between the simulated inverse kinematic 
values and the true values of joint 1.

The test data in Fig. 4 shows that the maximum 
angle error of the rotating joint was within 1.13×10−4° 
and the maximum error of the moving joint was within 
1.65×10−5 m. These results indicate that the overall 

calculation error was small, meeting the accuracy re‐
quirements of the actual control system.

3 Positioning error compensation method 

3.1 Modeling of BP neural network optimized by 
an ISSA

There are numerous factors that contribute to the 
positioning error of a drilling boom’s end, such as 
assembly and flexibility errors. Establishing an error 
model is challenging due to these factors. Meanwhile, 
neural networks possess excellent nonlinear data-fitting 
capabilities and can acquire input–output mapping 
through trained samples (Ahmadi et al., 2014; Goetzke-
Pala et al., 2018). Several studies have shown that 
double-layer networks have a better ability to deal with 
nonlinear data compared to single-hidden-layer net‐
works. Therefore, for the purpose of establishing an 
error prediction model of a three-boom rock-drilling 
jumbo, we chose to use a double-hidden-layer neural 
network, shown in Fig. 5. The anticipated coordinate 
( x y z ) of the drilling boom serves as the input, while 

the positioning error (Dx Dy Dz ) is the output.

In neural network modeling, the choice of weights 
and thresholds will directly affect the prediction accu‐
racy of the training model and can result in exces‐
sively long network training time. In order to quickly 
obtain the optimal weights and thresholds for our 
neural network and improve the training efficiency 
and prediction accuracy of the algorithm, we optimized 
a BP neural network by incorporating a sparrow search 
algorithm. A sparrow search algorithm is a swarm in‐
telligence optimization algorithm based on the behavior 
of sparrows foraging and avoiding predators. The initial 

Fig. 5  Structure of double-hidden-layer neural network

Fig. 4  Inverse kinematic solution results for each joint: 
(a) inverse kinematic error of each joint; (b) inverse kinematic 
(IK) values and true values of joint 1
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sparrow population is defined as either producers or 
scroungers. The producers usually have high energy 
reserves, and are responsible for determining the areas 
where rich food sources can be found and providing 
foraging areas or directions for the whole sparrow 
population. Other individuals, the scroungers, follow 
the producers who provide the best food to find food. 
At the same time, a certain proportion of individuals 
in the population are responsible for investigation and 
early warning (scouts). Once predator danger is de‐
tected, they will give up their current food and posi‐
tion and quickly move to a safe area around producers. 
During foraging periods, every sparrow has only one 
attribute: position. There are three possible behaviors 
in the iterative change of each sparrow’s position: 
(1) continue to search for food as a producer; (2) mon‐
itor and follow a producer for food as a scrounger; 
(3) alert for predator danger as a scout and move to a 
safer area around producers (Song et al., 2021; Li XY 
et al., 2022; Li ZL et al., 2022).

During the search process, producers obtain food 
first and provide guidance to all scroungers on food 
location. The formula for updating producer location 
is as follows:

xt + 1
ij =

ì

í

î

ïïïï

ïïïï

xt
ij × exp ( )-i

a × n itmax

    R < S

xt
ij +Q ×L             R ³ S

(16)

where t represents the current number of iterations, L 
represents a matrix with dimensions of 1×d (d is the 
dimension of the optimization problem, i.e., the initial 
weight and threshold of the neural network), n itmax is 
the maximum number of iterations, Q is a random 
number of normal distribution, xij is the position of the 
ith sparrow in the jth dimension, and a is a random 
number between 0 and 1. R and S are warning and 
safety values, respectively. When R<S, which means 
that there are no predators around, the producer enters 
the wide search mode. When R≥S, it means that some 
sparrows have discovered a predator, and all sparrows 
need to quickly fly to safe areas.

The location of a scrounger is updated as:

xt + 1
ij =
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Q × exp ( )xt
wj - xt

ij

α × n itmax

    i >
n
2
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xt + 1
p + || xt

ij - xt + 1
pj M +L    other

(17)

where xpj and xwj are the best and worst positions for 
the provider, respectively. M is a 1-row d-column ma‐
trix with a random value of 1 or −1 for each element, 
and M + =M T (MM T )-1. n is the number of sparrows. 
When i>n/2, it suggests that the ith scrounger with the 
worse fitness value is most likely to be starving.

The sparrows who perform reconnaissance are 
called scouts. If danger arises, they abandon their food. 
The scout-position update formula is as follows:

xt + 1
ij =

ì

í

î

ï
ïï
ï

ï
ïï
ï

xt
bj + ξ × || xt

ij - xt
bj     fi > fg

xt
ij +K ×

|| xt
ij - xt

bj

( )fi - fw + ε
    fi = fg

(18)

where K is a random number of [−1, 1] and denotes 
the direction in which the scout sparrow moves; ξ is 
the step size; xbj represents the current global best 
position; ε represents a small constant; fw, fg, and fi 
represent the global worst, global best, and individual 
fitness of the current sparrow, respectively. For sim‐
plicity, when fi>fg, it indicates that the sparrow is at the 
edge of the group. Xbest represents the location of the 
center of the population and the safe area around it. fi=
fg shows that the sparrows in the middle of the popula‐
tion are aware of the danger and need to move closer 
to the others.

Because the individual method of the sparrow 
search algorithm for obtaining the optimal solution 
involves jumping in the near vicinity of the current 
optimal solution, its global search capability is limited, 
and it tends to be confined to the local optimal solu‐
tion. Therefore, we decided to try decreasing the jump 
to the optimal position and moving directly to the op‐
timal position instead. We modified the finder loca‐
tion update formula as follows:

xt + 1
ij =

ì
í
î

ïï
ïï

xt
ij × ( )1 +Q     R < S

xt
ij +Q    R ³ S.

(19)

Then, we changed the formula for updating par‐
ticipant location to the following:

xt + 1
ij =

ì

í

î

ïïïï

ï
ïï
ï

Q × exp ( )xt
wj - xt

ij

i2
    i >

n
2


xt
pj + || xt

pj - xt
ij × rand ( )0 1     other.

(20)
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The optimized process for the BP neural network, 
using the ISSA, is illustrated in Fig. 6, and the specific 
steps are depicted in Table 3.

3.2 Training and verification of the neural network

The training and test datasets of the optimized 
neural network were acquired by a total station in the 
field experiment shown in Fig. 7. The drilling booms 
of a three-arm rock-drilling jumbo were derived to 
simulate drilling holes at 1124 positions. Therefore, 
1124 sets of sample data were collected in the posi‐
tioning experiment. The 1124 sample data groups were 
divided into three sections to train, test, and verify the 
proposed model in Section 3.1. Among them, 1000 sets 
were used for training, 100 sets for testing, and 24 sets 
for verification. Prior to neural network training, the 
sample data were normalized and projected to [0, 1] 
after linearization, to avoid singular values. The con‐
version function is displayed in Eq. (21).

P ′[ ]i =
P[ ]i -P[ ]i min

P[ ]i max -P[ ]i min

    i = 1 2 3 (21)

where P[i] is the non-normalized input matrix, and P ′[ ]i  

is the normalized input matrix.
Subsequently, the BP neural network parameters 

were established, and the number of nodes in the 
hidden layer l was determined based on

l = m +N + a (22)

where m, N, and a are the number of nodes in the in‐
put layer, the number of nodes in the output layer, and 
a constant between 1 and 10, respectively.

Thus, both hidden layers contained seven nodes, 
with a learning rate of 0.01. The training error was set 

at 1×10−4, and training concluded once the stop condi‐
tion was met. We saved the prediction model after 
training and input 24 groups of theoretical points from 
the verification set. Using the saved model, we pre‐
dicted the positioning error before comparing it with 
the total station measurement results. Fig. 8a primarily 
shows the predicted and the actual 3D coordinate 
error of the end point of the drilling boom, while the 
3D coordinate error of the predicted position of the 
drilling boom relative to the actual position is shown 
in Fig. 8b.

Table 4 presents a comparison of the prediction 
outcomes of the proposed BP neural network optimized 
by the ISSA (ISSA-BP) with those of the original BP 
neural network. It is evident that the greatest forecast 
errors in the X, Y, and Z directions decreased by 22.9%, 
38.2%, and 39.1%, respectively. In the validation data, 
the optimized neural network model demonstrates 
higher prediction accuracy and stability, as evidenced by 
a maximum deviation of 1.71 cm, a maximum standard 
deviation of 0.49 cm, and an accuracy of 81.7%.

4 Error compensation experiment 

4.1 Experimental arrangement

The principle of the compensation method for 
drilling boom positioning error using a neural network 
is illustrated in Fig. 9. Initially, a sampling point P is 
planned within the workspace. The actual position is 
then measured using a total station, and the position‐
ing error E for the drilling boom is obtained. It is then 
included in the training of the neural network model 
to predict the positioning error Ed of the ideal point. 
Finally, the positioning error of the predicted value is 
added to the theoretical coordinate Pdesired of the target 

Fig. 6  Process of BP neural network optimized by the ISSA
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point to obtain the modified target point Pmodified for 
compensation.

This study focuses on conducting an error com‐
pensation experiment on a three-boom rock-drilling 
jumbo. Fig. 10 shows the experimental process of 
error compensation, with IK representing the inverse 
kinematics solution. First, the layout planning for the 
borehole is conducted within the workspace of the 
rock-drilling jumbo, and the target position is chosen 
to establish a simulated tunnel face. Once the target 
position is resolved, the drilling boom is operated to 
carry out the initial positioning of all points. Subse‐
quently, the anticipated point position is inputted into 
the trained neural network model to forecast position‐
ing inaccuracy. The anticipated error is corrected for 
the intended point, and then the inverse kinematics is 

solved again to acquire the values for every joint vari‐
able. Afterward, the revised joint variable is used as 
the input for the control system of the jumbo, and it 
drives each drilling boom joint to its corresponding 
position for the completion of secondary positioning, 
thus achieving error compensation.

Table 3  Steps of BP neural network optimized by the 

ISSA. o is the predicted output, and r is the expected 

output

Input: training data; number of hidden layer nodes (h1, h2), 
number of input layer nodes (m), number of output layer 
nodes (N), maximum evolutionary algebra (Gmax), population 
(p), Alboom value (RA)

Output: the best individual (Fbest)

Step 1: Initialize the network structure.
Step 2: Establish the function of fitness: 

F (i ) =
1

1
2∑

i = 1

N

( )oi - ri

2
.

Step 3: Rank individual sparrows according to fitness function 
values.

Step 4: Update provider, scrounger, and scout locations.
Step 5: Calculate fitness and update position.
Step 6: Cycle through steps 3 to 5 to get the best individual 

(Fbest).
Step 7: The optimal weights and thresholds obtained by the 

ISSA are given to the network.

Fig. 7  Positioning experiment schematic of drilling booms 
of a three-arm rock-drilling jumbo

Fig. 8  Prediction result and deviation of the neural network: 
(a) prediction result; (b) prediction deviation

Table 4  Comparison of prediction deviation results

Model

BP

ISSA-BP

Direction

X

Y

Z

X

Y

Z

Deviation (cm)

Max

0.96

2.77

2.73

0.74

1.71

1.66

Mean

0.34

0.76

0.72

0.31

0.70

0.65

Standard

0.28

0.81

0.58

0.19

0.49

0.47
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4.2 Experimental results

Based on the above process, we selected 10 antici‐
pated coordinate points in the working space of the 
jumbo to verify the effectiveness of the compensation 
method. Of these, points No. 1, No. 2, No. 3, No. 6, 
and No. 7 were inclined drilling holes, while points 
No. 4, No. 5, No. 8, No. 9, and No. 10 were straight 
drilling holes. The total station was used to measure 
the end position of the drilling boom multiple times 
before and after the compensation experiment, and the 
measured coordinate position distribution was projected 
on the plane, as shown in Fig. 11a. The error comparison 
between the actual position and the theoretical posi‐
tion of the drilling boom end before and after the com‐
pensation experiment is given in Fig. 11b.

Fig. 11 reveals that borehole positioning error 
was substantially reduced after compensation. The ac‐
curacy of drilling holes No. 4 and No. 5, which were 
at the top of the simulated tunnel, was relatively low 
due to the large elongation and elevation of the drilling 
boom at the top, and due to the presence of flexible 
error and under-damping in the mechanism adjustment. 
The maximum position error before compensation was 
10.94 cm, and after compensation, it was reduced to 
7.51 cm. The average error decreased from 9.79 to 
5.92 cm, resulting in a 39.5% reduction in error. This 
indicates that the error compensation model put forward 
in this paper can significantly enhance the drilling-
positioning accuracy of a three-boom rock-drilling 
jumbo.

5 Conclusions 

In this study, we examined the drilling-positioning 
error of a multi-boom rock-drilling jumbo. The research 
findings offer a valuable reference for the automation 
of roadway excavation. Key findings show that:

(1) To solve the point position under working 
conditions of an inclined hole for the drilling boom of 
the three-boom rock-drilling rig that does not meet 
the Pieper criterion, we derived an inverse kinematics 
formula for straight-hole conditions through analytical 
methods. Subsequently, we used a global search algo‐
rithm. The simulation findings indicate that the maxi‐
mum angle error in the rotational joint is less than 
1.13×10−4°, and the maximum error in the motion joint 
is less than 1.65×10−5 m. A small calculation error was 

Fig. 9  Positioning error compensation principle of a drilling 
boom

Fig. 10  Experimental positioning error compensation process 
for a drilling boom

Fig. 11  Comparison of the drilling boom positioning error 
with and without compensation: (a) drilling hole distribution; 
(b) positioning error
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observed, which meets the accuracy requirements of 
the control system in practice.

(2) We established an error prediction model 
using a BP neural network optimized by an ISSA. The 
model’s prediction reliability is confirmed. The find‐
ings demonstrate a maximum prediction error and stan‐
dard deviation of 1.71 and 0.49 cm, respectively. With 
a prediction accuracy of 81.7%, the neural network 
model exhibits high prediction accuracy and stability.

(3) Additionally, the error prediction model out‐
puts the positioning error and compensates it to the 
desired point for an inverse solution, serving as the 
control system’s input. The experimental findings dem‐
onstrate a 39.5% reduction in average positioning error, 
from 9.79 to 5.92 cm. Moreover, the cumulative dis‐
tance error of each test point is under 10 cm, fulfilling 
the actual positioning needs.

It is worth noting that although we greatly im‐
proved the positioning accuracy of the drilling boom 
in this study, the model is proposed specifically for 
the conventional hole-drilling conditions described here. 
In the near future, we will investigate the positioning 
error prediction and compensation for drilling booms 
in situations that involve bench drilling, secondary 
drilling, and drilling deviation caused by rock cracks.
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