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Abstract: In order to solve the problem of the low end positioning accuracy of large hydraulic rock
drilling robotic arms due to machining error and the working environment, this paper proposes
an end positioning error compensation method based on an Improved Secretary Bird Optimization
Algorithm (ISBOA) optimized Back Propagation (BP) neural network. Firstly, the good point set
strategy is used to initialize the secretary bird population position to make the initial population
distribution more uniform and accelerate the convergence speed of the algorithm. Then, the ISBOA
is used to optimize the initial weights and biases of the BP neural network, which effectively over-
comes the defect of the BP neural network falling into a local optimum. Finally, by establishing the
mapping relationship between the joint value of the robot arm and the end positioning error, the
error compensation is realized to improve the positioning accuracy of the rock drilling robot arm.
The experimental results show that the average positioning error of the rock drilling robotic arm is
reduced from 187.972 mm to 28.317 mm, and the positioning accuracy is improved by 84.94%, which
meets the engineering requirements.

Keywords: rock drilling robotic arm; secretary bird optimization algorithm; good point set; BP neural
network; error compensation

1. Introduction

With the rapid advancement of modern engineering technology, large hydraulic rock
drilling robots have found widespread applications in various fields, including mining,
tunnel boring, and underground engineering. Drilling and blasting are the most commonly
used excavation methods in mining and tunneling [1]. In traditional rock drilling methods,
the requirement for positioning accuracy is relatively low, as it primarily serves blasting
and rock removal purposes. However, in fully automated rock drilling robots, the drilling
task is carried out automatically according to a predefined hole-laying plan, and precise
positioning is critical to ensuring the accuracy of the drilling location. This accuracy, in turn,
guarantees the successful execution of the drilling and blasting operations. Therefore, high
positioning accuracy is essential for fully automated rock drilling robots. The positioning
accuracy of the rock drilling robot arm also directly influences both construction efficiency
and operational safety. However, due to the influence of mechanical geometry errors, drive
system errors, load variations, control system errors, and environmental factors, the actual
position of the rock drilling arm’s end often deviates from its theoretical position. Therefore,
exploring methods to enhance the positioning accuracy of rock drilling robotic arms,
particularly in fully automated rock drilling robots, is of substantial practical significance.

Common error compensation methods primarily fall into two categories: model-based
and non-model-based methods. Model-based methods [2–10] correct the robot’s kinematic
model by accounting for kinematic parameter errors, which can yield better results when
the system is well-defined and stable. However, these methods involve complex modeling
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and computational processes [11] and are less effective in compensating for non-geometric
errors. Non-model-based methods [12–17], on the other hand, identify error patterns and
trends using real-time feedback or historical data to achieve error compensation without
the need for detailed system modeling. This method contributes to enhancing the system’s
stability and accuracy. However, in the practical application of error compensation for rock
drilling robotic arms, traditional non-model-based approaches exhibit certain limitations.

Among the non-model-based approaches, neural network-based error compensation
algorithms [18,19] offer advantages such as high efficiency, adaptability, and robustness,
enabling them to handle complex nonlinear relationships and improve error correction
efficiency. Compared to other traditional non-model-based methods, neural networks
possess the ability to adaptively learn error patterns and optimize compensation strategies,
thereby addressing the limitations of traditional methods regarding data processing and
model complexity. Zhou et al. [20] proposed a position error compensation method for rock
drilling robots based on LightGBM and RBFN, while ref. [21] employed a genetic algorithm
(GA)-optimized deep neural network (DNN) to enhance robot localization accuracy. BP
neural networks have been widely applied in the field of robot localization due to their
powerful nonlinear mapping capabilities and self-learning properties [22–24]. However,
the BP neural network’s training process is prone to falling into local optima, and the
training speed is slow, which significantly hinders its application in practical engineering
scenarios.To address these challenges, various optimization algorithms have been proposed.
Zhang et al. [25] optimized the BP neural network using the whale optimization algorithm,
significantly enhancing the absolute positioning accuracy of the robotic arm. Jiang et al. [26]
utilized a particle swarm optimization (PSO) algorithm to enhance the BP neural network’s
error compensation performance. Chen et al. [27] applied a quantum genetic algorithm
to improve the BP neural network for robot localization compensation. Li et al. [28]
combined the genetic algorithm with particle swarm optimization to enhance neural
network performance, resulting in improved robot localization accuracy. Zhang et al. [29]
used the sparrow search algorithm to optimize the BP neural network, effectively reducing
robot localization errors. Although these optimization algorithms have improved robot
localization accuracy to some extent, issues such as low search efficiency and suboptimal
optimization effects persist and require further improvement.

To address the aforementioned challenges, this paper proposes an error compensation
method based on an ISBOA optimized BP neural network.

The main contributions of this paper are as follows:

1. Through improvements to the SBOA, the ISBOA is proposed. By employing the good
point set strategy to initialize the population, the diversity of the initial population is
increased, and the convergence speed of the algorithm is improved.

2. The ISBOA is utilized to optimize the initial weights and biases of the neural network,
effectively addressing the issue of the BP neural network’s tendency to fall into
local optima.

3. A neural network mapping relationship is established between the joint values of the
robotic arm and the end-positioning error. This enables effective error compensation
and significantly improves the positioning accuracy of the rock-drilling robotic arm.

The remainder of this paper is organized as follows: Section 2 presents the forward
kinematic modeling and error calculation for the robotic arm. Section 3 describes the
method for obtaining the BP neural network’s weights and biases using the ISBOA and in-
troduces the ISBOA-BP neural network-based error compensation method for rock drilling
robotic arm positioning. Section 4 validates the effectiveness of the proposed method
through experimental results.

2. Rock-Drilling Robot Arm Modeling and Error Calculation

To enhance the positioning accuracy of the rock-drilling robot arm, it is essential to
minimize the distance between the actual position of the end-effector and its theoretical
position. By modeling the robot arm, the theoretical position of the end-effector can be
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determined, enabling the analysis and calculation of the error between the actual and
theoretical positions.

2.1. Rock-Drilling Robot Arm Modeling

The rock-drilling arm possesses seven degrees of freedom, which include five rotary
joints and two telescopic joints. In its unextended state, the total length of the arm and the
beam is 7835 mm. The arm can be extended by an additional 1600 mm, and the beam can
be extended by 1800 mm. The structure of the rock-drilling arm is depicted in Figure 1.

Figure 1. Structure of the robotic arm.

In this study, based on the mechanical structure of the rock-drilling robotic arm
depicted in Figure 1, the DH method was utilized to establish the corresponding link
coordinate system, as illustrated in Figure 2. The DH parameters of the robotic arm are
presented in Table 1.

Figure 2. Coordinate system of each joint linkage in the robotic arm.

Table 1. DH parameters of the robotic arm.

Joint θi/◦ Di/mm Li/mm αi/◦

1 θ1 (0) 0 200 −90
2 θ2 (90) 0 −35 90
3 90 D3 (4297) 0 0
4 θ4 (90) 0 0 90
5 θ5 (90) 650 80 90
6 θ6 (90) 679.5 241 90
7 0 D7 (3058) 0 0

The coordinates between coordinate system Oi−1 and coordinate system Oi are trans-
formed through rotation or translation to obtain the transformation matrix between the
neighboring coordinate systems. The corresponding transformation matrix is presented in
Equation (1).

i−1
i T = Rot(z, θi)Trans(0, 0, Di)Trans(Li, 0, 0)Rot(x, αi) (1)

where i−1
i T is the positional transformation matrix of coordinate system Oi−1 relative to

coordinate system Oi, Rot represents the rotational transformation, and Trans represents
the translational transformation.
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Expanding (1) yields the positional matrix between the neighboring coordinate systems.

i−1
i T =


cos θi − sin θi cos αi sin θi sin αi Li cos θi
sin θi cos θi cos αi − cos θi sin αi Li sin θi

0 sin αi cos αi Di
0 0 0 1

 (2)

The end position of the robotic arm is obtained by sequentially multiplying the coordi-
nate systems using the corresponding parameters within the transformation matrices.

0
7T = 0

1T1
2T2

3T3
4T4

5T5
6T6

7T =

[
R P
0 1

]
(3)

where R =

 nx ox ax
ny oy ay
nz oz az

 and P = [px, py, pz]T . R denotes the end orientation of the

robotic arm, and P represents the end position.

2.2. Error Calculation

The DH parameter method is employed to calculate the theoretical position coor-
dinates of the robotic arm’s end joints. The actual position coordinates of the corre-
sponding joints’ ends are then measured and recorded using a total station. The dif-
ference between the theoretical position coordinates and the actual position coordinates
is calculated along the three XYZ coordinate axes, yielding the positioning errors Xerror,
Yerror and Zerror in each respective direction. The total positioning error is represented as√

Xerror
2 + Yerror

2 + Zerror
2.

In this study, a Leica TS16 total station is used to collect and record the actual position
coordinates of the robotic arm’s end. The TS16 offers an angular accuracy of 1 arcsecond
and a ranging accuracy of 1 mm + 1.5 ppm, ensuring that the accuracy requirements
are met.

The principle and process of data collection using a total station are as follows:

1. The vehicle coordinate system was established based on the mechanical structure of
the rock-drilling robot. Two prisms were installed on the robot, and their coordinates
were measured within the vehicle coordinate system.

2. The total station was set up using these two prisms with known coordinates.
3. The total station was used to measure the coordinates of a reflective sticker placed

at the end of the robot arm, thereby collecting accurate positional information of the
robot arm’s endpoint.

3. Research on Positioning Error Compensation for Rock-Drilling Robot Arms Based on
ISBOA-BP Neural Network

To address the issues of the BP neural network, specifically its tendency to fall into
local minima and its slow convergence speed, this paper utilizes the ISBOA to optimize the
initial weights and biases of the BP neural network. This optimization enhances both the
convergence speed and the output accuracy of the BP neural network.

3.1. SBOA

In this paper, the newly proposed optimization algorithm SBOA (introduced in 2024)
is analyzed and studied. The search accuracy, convergence speed, and stability of SBOA
are evaluated using the CEC2017 and CEC2022 benchmark test suites [30]. Inspired by the
predation strategy of secretary birds searching for prey in harsh environments and their
escape tactics to avoid predators, SBOA was designed to address complex optimization
problems. In SBOA, each secretary bird’s position represents a candidate solution to the
optimization problem, and the algorithm not only demonstrates a high search efficiency
but also identifies high-quality solutions.
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In the secretary bird’s predation strategy, the bird searches across a wide area; a behav-
ior abstracted to simulate the global optimization process, where the algorithm performs an
extensive search within the solution space. This global search strategy allows the algorithm
to explore potential high-quality solutions throughout a broad region of the solution space.
The predation strategy of the secretary bird is divided into three phases: finding prey,
attacking prey, and consuming prey. These correspond to the phases t < 1

3 T, 1
3 T < t < 2

3 T,
and 2

3 T < t < T within the algorithm, where t represents the current iteration number and
T denotes the maximum number of iterations, as shown in Figure 3.

Figure 3. Secretary bird predation strategy.

During the prey-finding phase t < 1
3 T, for optimization algorithms, the initial phase

requires stronger exploration capabilities to collect adequate information about the entire
search space. Therefore, a differential evolution strategy is applied to strengthen exploration
during this stage. Differential evolution leverages differences between individuals to
generate new solutions, enhancing both the diversity of the algorithm and its global search
capability. The position of the secretary bird in this phase is updated using Equation (4):

xnewP1
i,j = xi,j + (xrandom_1 − xrandom_2)× R1 (4)

where xnewP1
i,j denotes the value of its j-th dimension, xrandom_1 and xrandom_2 are random

candidate solutions for the first-stage iteration, and R1 represents a randomly generated
array of dimension 1 × Dim in the interval [0, 1], where Dim is the dimension of the
solution space.

Once the secretary birds spot potential prey, they initially hover around it, exhausting
its patience and causing it to lower its guard. Similarly, by treating the best current
individual as the prey, the secretary birds update their positions to approach it. Brownian
motion RB is introduced to model the stochastic motion of the secretary bird during the
prey consumption phase 1

3 T < t < 2
3 T. Equation (5) is used to update the position of the

secretary bird during this phase:

xnewP1
i,j = xbest + exp((

t
T
)∧4)× (RB − 0.5)× (xbest − xi,j) (5)

where xbest denotes the current best value, RB = randn(1, Dim) represents the Brownian
motion formula, and randn(1, Dim) is a randomly generated array of dimension 1 × Dim
from a standard normal distribution: mean = 0, standard deviation = 1.

After continuous exertion, the secretary bird initiates its attack once the prey is ex-
hausted. During the prey attack phase 2

3 T < t < T, the secretary bird uses the Levy flight
strategy to simulate various attack methods, thereby enhancing the algorithm’s global
search capability and improving its convergence accuracy. The rapid approach of the bird
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to its prey signifies that the candidate solution is nearing the current optimal solution.
The position of the secretary bird during this phase is updated using Equation (6):

xnewP1
i,j = xbest + (1 − t

T
)∧(2×

t
T ) × xi,j × RL (6)

where RL = 0.5× Levy(Dim), and Levy(Dim) denotes the Levy flight distribution function.
In the wild, secretary birds also face the risk of predation while hunting other prey.

When confronted with a predator and forced to flee, secretary birds engage in rapid,
confined movements within a small area. This behavior can be likened to an algorithm
performing a fine-grained local search in a specific region of the solution space. This local
search strategy enables the algorithm to explore potentially better solutions in the vicinity of
already known high-quality solutions. Secretary birds employ two main escape strategies:
environmental camouflage and fleeing.

When confronted by a predator, secretary birds initially attempt to camouflage them-
selves to avoid danger. They adjust their position relative to their prey (the best individual),
mimicking the behavior of avoiding local optima in algorithms. The mathematical model
for this strategy is represented in Equation (7).

xnewP2
i,j = xbest + (2 × RB − 1)×

(
1 − t

T

)2
× xi,j (7)

If they are unable to avoid the predator, they resort to fleeing to ensure their safety.
This behavior helps avoid confinement to a local optimum. The secretary birds then update
their positions using Equation (8):

xnewP2
i,j = xi,j + R2 ×

(
xrandom − K × xi,j

)
(8)

where R2 denotes a randomly generated array of dimension 1 × Dim from a normal
distribution, xrandom denotes a random candidate solution for the current iteration, and K
denotes a random choice of the integers 1 or 2.

In the secretary bird’s escape strategy, environmental camouflage and fleeing are
executed with equal probability, highlighting the randomness in searching the feasible
solution space.

3.2. Improvement of SBOA

Population initialization is crucial for enhancing the search ability of stochastic algo-
rithms. Due to its simplicity and inherent randomness, the SBOA also utilizes a random
initialization method to determine the initial positions of the secretary birds within the
search space:

Xi,j = lbj + r ×
(
ubj − lbj

)
, i = 1, 2, . . . , N, j = 1, 2, . . . , Dim (9)

where Xi denotes the position of the i-th secretary bird, lbj and ubj represent the lower and
upper bounds, respectively, and r denotes a random number between 0 and 1.

However, the distribution of randomly generated populations in the solution space
often tends to be uneven, leading to over-density in some regions and excessive sparsity
in others. This uneven distribution reduces the algorithm’s efficiency in utilizing the
entire search space and affects population diversity. The good point set strategy [31],
an optimization method aimed at improving search efficiency, has been successfully applied
to enhance various optimization algorithms [32–35]. To address these issues, this paper
proposes an improved SBOA that initializes the secretary bird population using the good
point set strategy. This approach results in a more uniform distribution of the initial
population within the solution space and improves the algorithm’s convergence speed.
The good point set strategy enables more uniform coverage of the entire search space with
fewer sample points.
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Suppose Hs is the unit cube in an s-dimensional Euclidean space. If r ∈ Hs, it takes
the following form:

Pn(k) =
{(

r(n)1 · k
)

,
(

r(n)2 · k
)

, · · · ,
(

r(n)s · k
)

, 1 ≤ k ≤ n
}

(10)

Its deviation φ(n) satisfies φ(n) = c(r, ε)n
−1+ε

, where c(r, ε)n
−1+ε

is a constant related
only to r and ε, with ε being an arbitrary positive number. Then, Pn(k) is referred to as the
set of good points, and r is the good point, where

(
r(n)s · k

)
represents the fractional part

and n denotes the number of points, with r = {2 cos(2πk/p), 1 ≤ k ≤ s}, where p is the
smallest prime number satisfying (p − 3)/2 ≥ s.

The mapping to the search space is as follows:

xi(j) = (ubj − lbj) · {r(i)j · k}+ lbj (11)

where lbj and ubj represent the lower and upper bounds, respectively. To verify the
uniformity of the point sets generated by the good point set strategy compared to randomly
generated point sets, 100 initial points were generated using both the good point set strategy
and the random strategy in 2D and 3D spaces, respectively. Their distributions are shown
in Figure 4.

(a) (b)

(c) (d)

Figure 4. Distribution of points generated by the two strategies. (a) Two-dimensional point distribu-
tion generated by the good point set strategy. (b) Two-dimensional point distribution generated by
the randomized strategy. (c) Three-dimensional point distribution generated by the good point set
strategy. (d) Three-dimensional point distribution generated by the randomized strategy.

It can be observed that the points generated by the good point set strategy, as illustrated
in Figure 4a,c, are more uniformly distributed compared to those generated by the random
strategy, as shown in Figure 4b,d. Consequently, the incorporation of the good point set
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strategy effectively enhances population diversity, which facilitates global search in the
early stages of the algorithm and accelerates convergence.

3.3. ISBOA-BP-Based Localization Error Compensation Method for Rock-Drilling Robotic Arms

ISBOA demonstrates a strong global search capability by simulating the secretary
bird’s behavior over a wide search space. This assists the BP neural network in efficiently
optimizing its weights and biases, preventing it from becoming trapped in local optima
and ultimately enhancing the accuracy of the final training outcome. In optimizing the
BP neural network using the ISBOA, the neural network topology is first determined
by processing the dataset. The positions generated by the good point set represent the
search agents, i.e., the secretary bird individuals, in the ISBOA. The initial position of
each agent represents a potential solution to the weights and biases in the neural network.
According to the ISBOA strategy, the search agents explore and update their positions in
the solution space, with fitness calculations performed at each population iteration. This
iterative process evolves the search agents towards better solutions, eventually identifying
the optimal search agent. The optimal weights and biases obtained from the ISBOA are
then used as the initial weights and biases for training the BP neural network. The flow of
the algorithm is illustrated in Figure 5.

Figure 5. Flowchart of the BP neural network algorithm optimized by ISBOA.

The BP neural network consists of an input layer, a hidden layer, and an output layer,
with neurons in each layer connected by weights. In this study, the BP neural network
takes seven joint values as input and outputs the error in the XYZ directions corresponding
to these joint values. Therefore, the BP neural network has seven input nodes and three
output nodes. After multiple experiments and analyses, it was found that the network
achieves the best error prediction when the hidden layer consists of a single layer with
15 neurons and the tansig function is used as the activation function. The best results were
obtained under these conditions. The network is trained with 1500 iterations, and the
learning rate is set at 0.01. Given that the BP neural network has a total of 168 weights
and biases, the individual dimension of the population in ISBOA is set to 168, and the
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population size is set to 50. The topology of the BP neural network used in this study is
illustrated in Figure 6.

Figure 6. Structure of the BP neural network.

To find the global optimal solution, the mean square error (MSE) between the predicted
and actual values is used as the fitness function.

MSE =
1
n

n

∑
i=1

(ei − êi)
2 (12)

A smaller MSE value indicates a smaller gap between the predicted and true values,
thereby reflecting a more accurate and optimal solution.

In the sample data selected for this study, each group contains the values of seven
joints of the robotic arm θi(i = 1 to 7) and their corresponding end position errors E, where
E = (Xerror, Yerror, Zerror). The mapping model between the robotic arm’s joint values and
end positioning errors is constructed through network training.

The process of positioning error compensation for the rock drilling robotic arm is as
follows: first, determine the joint values of each joint of the robotic arm to be compensated,
θaim

i (i = 1 to 7), and use the mapping relationship established by the neural network to
calculate the corresponding end positioning error Eaim, i.e., the required compensation
amount. Next, the theoretical position of the end, Paim

t , is calculated using the forward
kinematics of the robotic arm. Finally, this theoretical position is added to the compensation
amount to obtain the actual position of the end, Paim

a = Paim
t + Eaim. The flow of the error

compensation process is shown in Figure 7.

Figure 7. Compensation process for positioning error at the end of the robotic arm.

4. Experimental Verification

In this study, a G3Zi-type large hydraulic rock-drilling robot with dimensions of
16.5 × 2.9 × 3.4 m and an effective working area of 16 × 13 m was selected as the experimen-
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tal object, as shown in Figure 8. This setup was used to validate the effectiveness of the
method for compensating for the positioning error of the rock-drilling robotic arm based
on the ISBOA-BP neural network.

Figure 8. G3Zi rock-drilling robot.

4.1. Sample Data Acquisition and Parameter Setting

The construction of the training sample dataset is critical, as it directly impacts the
accuracy and generalization ability of the prediction model. To build a comprehensive
training dataset within the working range of the robotic arm, the Monte Carlo pseudo-
random number method is first employed to determine the full spatial range accessible
by the end of the rock-drilling robotic arm based on the joint limits of the arm. During the
dataset construction process, the straight-line distance between the rock-drilling robot and
the palm face is continuously adjusted. Position points are planned within the coverage of
each palm face, ensuring an even distribution across the entire surface. This guarantees
both the completeness and diversity of the training sample dataset.

In the rock-drilling robot, each joint of each arm is equipped with an encoder that
outputs joint information in real time during the arm’s operation, as shown in Figure 9a,b.
The encoder used is the AAM58A10-1213-CDCOR3P absolute encoder produced by AiYan
Mechatronics, featuring a single-turn resolution of ≤13 bits and excellent repeatability. Its
error range is controlled within ±1 bit, which meets the experimental accuracy requirements.
The control unit is responsible for collecting and storing the values of each robotic arm
joint.The actual position data at the end of the robotic arm are then collected and recorded
by the total station. The use of a high-precision encoder and total station ensures the
accuracy of the training sample dataset.

(a) (b)

Figure 9. Encoders applied to rock-drilling robots. (a) Encoders at rotary joints. (b) Encoders at
telescopic joints.
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The number of training samples is a key factor for the neural network. When the
training sample size is too small, the model tends to overfit. Conversely, an excessively
large sample size increases the cost of data processing and training time, with only limited
improvements in model performance. To determine the optimal number of training samples
in this study, 85% of the sample data were used as the training set, and 15% were used as
the test set. The maximum prediction bias relative to the number of samples is shown in
the curve in Figure 10a, and the average prediction bias relative to the number of samples
is illustrated in Figure 10b.

(a) (b)

Figure 10. Prediction error vs. sample size. (a) Maximum prediction error. (b) Average prediction error.

From Figure 10a, it can be seen that when the number of samples is less than 3500,
the maximum prediction deviation gradually decreases as the sample size increases. How-
ever, once the number of samples exceeds 3500, the maximum prediction deviation stabi-
lizes, eventually converging to 36.078 mm. Figure 10b shows a similar trend for the average
prediction deviation; it decreases initially and then stabilizes as the sample size increases.
When the number of samples exceeds 3500, the average prediction deviation stabilizes at
approximately 28.208 mm. Based on this analysis, when the number of samples reaches
3500, the prediction error of the model begins to stabilize at a lower level, and further
increasing the sample size does not significantly improve model performance.

Therefore, 3500 groups of sample data are selected for this experiment. Each group
contains the values of seven joints of the robotic arm and their corresponding end position
errors, covering the entire working space of the robotic arm. A total of 85% of the sample
data are used for training, and 15%, i.e., 525 groups, is used for network prediction.

4.2. Comparison Experiments
4.2.1. Optimization Algorithm Performance Comparison

To verify the performance of the SBOA, comparison experiments are conducted using
three algorithms: GA, PSO, and SBOA. To ensure the fairness of the experiment, the individ-
ual dimension dim, the number of populations N, the maximum number of iterations Tmax,
and the fitness value function are unified across all algorithms. The optimal parameters for
each optimization algorithm are determined through multiple sets of experiments.

Figure 11 illustrates the best fitness value curves for the four algorithms, GA, PSO,
SBOA, and ISBOA, during the iterative process. The GA, PSO, SBOA, and ISBOA algo-
rithms reach a steady state after 631, 557, 660, and 484 iterations, respectively, with ISBOA
demonstrating a faster convergence speed and achieving the optimal fitness value.
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Figure 11. Adaptation curves of the four algorithms.

4.2.2. Comparison of Compensation Effects

The optimal solutions obtained by the four algorithms were used as the initial weights
and biases for training the BP neural network. To ensure the fairness of the comparison,
each model was trained with the number of samples required for its maximum prediction
deviation to begin converging. After training, the test dataset was fed into the four mod-
els as well as the pure BP model to obtain the total error range, average absolute error,
and standard deviation, as shown in Table 2.

Table 2. Analysis of compensation results for each algorithm.

Total Tolerance (mm) Average Absolute
Error (mm)

Standard Deviation
(mm)

Uncompensated [52.381, 354.211] 190.792 89.525
BP [1.697, 85.965] 33.791 13.608

GA-BP [1.228, 54.572] 30.085 10.724
PSO-BP [0.954, 48.331] 29.943 10.471

SBOA-BP [1.132, 37.742] 29.139 9.864
ISBOA-BP [0.803, 36.427] 28.831 9.423

As shown in Table 2, after error compensation, the total error for each method is sig-
nificantly lower than before compensation, demonstrating the effectiveness and feasibility
of these methods in improving the positioning accuracy of the rock-drilling robot arm.
After compensation using the BP, GA-BP, PSO-BP, SBOA-BP, and ISBOA-BP algorithms,
the maximum positioning errors at the end of the drill arm are reduced to 85.965 mm,
54.572 mm, 48.331 mm, 37.742 mm, and 36.427 mm, respectively. In addition, the standard
deviations of the positioning errors at the end of the drill arm are reduced to 13.608 mm,
10.724 mm, 10.471 mm, 9.864 mm, and 9.423 mm. These results indicate that the method
proposed in this paper is more effective in compensating for errors in the rock-drilling
robot arm.

4.3. Experimental Validation

To verify the actual error compensation effect of the ISBOA-BP neural network model
on the rock-drilling robotic arm, 50 sets of data were randomly selected from the robotic
arm’s motion space and compensated using the trained model. The experimental results
are presented in Figure 12. Figure 12a–c show the positioning error compensation results
of the robotic arm’s end in the XYZ directions, respectively, while Figure 12d illustrates
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the total positioning error of the robotic arm. The statistical results before and after error
compensation are summarized in Table 3.

(a) (b)

(c) (d)

Figure 12. Position error before and after compensation. (a) Errors in x-direction. (b) Errors in
y-direction. (c) Errors in z-direction. (d) Total position errors.

As shown in Figure 12, the robotic arm exhibits significant positioning errors in all
directions before compensation, failing to meet the required accuracy standards. Moreover,
the positioning errors along different axes show varying distribution characteristics: the
x- and y-direction errors tend to shift positively, while the z-direction errors shift nega-
tively. This variation arises from the differing impact of error sources on the positioning
accuracy in the x-, y-, and z-directions. Notably, the positioning errors along the z-axis are
considerably larger than those along the other axes. This is primarily because the z-axis is
perpendicular to the ground, and gravity’s effect on the connecting rods and joints becomes
more pronounced, especially when the end-effector is extended farther, exacerbating this
error. After compensation, both the magnitude of the error and its fluctuation range in
each direction are significantly reduced, resulting in a more consistent and reasonable error
distribution. As shown in Table 3, the maximum positioning errors of the robotic arm in
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the x-, y-, and z-directions are reduced from 166.243 mm, 184.063 mm, and 297.178 mm
to 16.974 mm, 26.443 mm, and 32.986 mm, respectively. Similarly, the average absolute
errors decrease from 92.282 mm, 73.824 mm, and 129.112 mm to 7.321 mm, 12.305 mm,
and 11.755 mm, respectively. The maximum total positioning error of the arm is reduced
from 350.901 mm to 36.095 mm, and the average absolute positioning error decreases from
187.972 mm to 28.317 mm, indicating an improvement in the positioning accuracy of the
rock-drilling arm by 84.94%. These results collectively demonstrate the effectiveness of the
neural network-based error compensation method proposed in this paper.

Table 3. Position error before and after ISBOA-BP neural network compensation.

Error Range (mm) Average Absolute
Error (mm)

Standard
Deviation (mm)

X-error Before [51.175, 166.243] 92.282 32.644
After [−16.974, 12.633] 7.321 7.901

Y-error Before [−25.489, 184.063] 73.824 55.757
After [−26.443, 25.110] 12.305 12.431

Z-error Before [−297.178, 30.573] 129.112 94.319
After [−32.986, 30.905] 11.755 15.131

Total error Before [55.387, 350.901] 187.972 85.280
After [0.876, 36.095] 28.317 9.091

5. Conclusions

In this paper, an ISBOA-optimized BP neural network-based error compensation
method for rock-drilling robotic arms is proposed to address the end positioning accuracy
problem. The good point set strategy is used to initialize the ISBOA population position,
facilitating a faster search for better solutions. ISBOA optimizes the initial weights and
biases of the BP neural network, effectively preventing the BP neural network model from
falling into local extrema and improving training speed and accuracy. The ISBOA-BP opti-
mal model is then established based on the joint values of the rock-drilling robotic arm and
the corresponding end position errors. Compared to the BP, GA-BP, PSO-BP, and SBOA-BP
algorithms, the ISBOA-BP algorithm enhances both the convergence accuracy and the
generalization ability of the neural network. The experimental results indicate that the
average total positioning error is reduced from 187.972 mm to 28.317 mm, representing an
84.94% improvement in positioning accuracy. This significantly enhances the positioning
accuracy of the rock-drilling robotic arm, meeting the requirements of practical engineering
applications. However, differences in hardware conditions, error characteristics, and appli-
cation environments exist among various robots. No in-depth research has been conducted
on how to directly apply the neural network trained on the G3Zi rock-drilling robot to
other types of robots through transfer learning for error compensation. Therefore, this will
be the focus of future research.
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