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Abstract: With the depletion of shallow surface resources, the future mining work will develop to-
wards the deep surface, and the objective conditions such as the mining environment will be more 
complex and dangerous than now, and the requirements for personnel and equipment will be 
higher and higher. The efficient exploitation of deep space cannot be separated from such mobile 
and flexible production and transportation equipment as scraper. In the new era, intelligence is the 
development trend of the LHD, and path tracking control technology is the key to the intelligent 
LHD, and it is also an urgent problem to be solved for its unmanned driving. This paper describes 
the realization of the automatic operation function of articulated LHD from two aspects of mathe-
matical model and trajectory tracking control method, and focuses on the research of the path track-
ing control scheme in the field of unmanned driving, that is, LQR controller. On this basis, the pa-
rameters of the LQR controller are optimized by combining different intelligent cluster algorithms 
to find the optimal solution of the LQR controller. 
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1. Introduction 
With the development of industry, the global demand for mineral resources contin-

ues to increase. At the same time, when the shallow surface resources are increasingly 
exhausted, the mines will develop in the direction of deep sea, deep ground and deep 
space in the future. As a kind of large trackless equipment, the scraper plays an important 
role in the production of underground metal mines, and directly reflects the technical level 
and production capacity of modern underground mining. For example, the scraper can 
replace manual work in the deep underground space and other harsh environment, which 
greatly improves the efficiency of mining.  

In recent years, due to the development of excavating equipment and the construc-
tion of intelligent mines, the development of scraper is rapid, most mines have begun to 
apply the more advanced remote control scraper, and has achieved good practical re-
sults[1]. Scraper of remote control is not only simple manipulation, safe, and with the 
advent of the era of 5G, the rapid development of artificial intelligence technology and the 
popularization and application of robot control technique makes scraper again innova-
tion, further development on the basis of the remote control scraper has humanization 
service sector, the scraper will study thinking of artificial intelligence, so as to realize au-
tonomous learning self-driving technology. As one of the core problems in the field of 
unmanned intelligent LHD, the path tracking control technology of the LHD is proposed.  
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At present, a control strategy of the LHD is proposed to replace the human brain 
control with computer control, that is, the LHD can accurately operate according to the 
instruction when receiving the instruction. This not only ensures the normal underground 
production and transportation operation, but also the intelligent underground transpor-
tation system will greatly improve the production capacity of the mine[3]. However, in 
order to further promote the development of LHD, the research of path following control 
still needs a certain theoretical and practical basis[4]. In addition, in order to make the 
intelligent scraper more widely used in the future, problems such as the influence of high 
well depth, high temperature and high stress on the operation of the scraper in deep min-
ing need to be solved urgently.  

At present, green mine has become the theme of mines in the new era, and the devel-
opment of green mine is inseparable from the research of intelligent mine, including the 
continuous innovation of scraper[5]. On the whole, intelligent scraper is the inevitable 
result of the development of mining equipment. At the same time, the continuous inno-
vation and development of intelligent scrapers will also make great contributions to the 
construction of green mines. 

2. Mathematical model of underground articulated LHD (scraper) 
In the aspect of mathematical modeling, the kinematics model of the downhole artic-

ulated scraper has been widely used in the field of path tracking because of its simple 
motion mechanism and the ability to obtain accurate model[6]. 

2.1. Kinematics model of articulated scraper 
Underground intelligent scraper belongs to articulated car body[7]. The car body is 

divided into front and rear ends, the front end and the rear end are connected by the hinge 
point[8]. In the deep tunnel environment, the car body has a small steering radius, so it 
runs more flexible. 

 

Figure 1. The rotating model 1 of an articulated scraper. 

To determine the geometric relationship between the real-time position change in-
formation and the motion variables of the LHD, it is necessary to analyze the kinematics 
of the downhole articulated LHD and establish the kinematics equation[9]. The body 
structure of the downhole articulated scraper is shown in Figure.1. 
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In the coordinate system, the front part of the car body is P1(X1,Y1), the rear part of 
the car body is P2(X2,Y2); The center of mass velocity of the front body is v1, and the 
center of mass velocity of the rear body is v2; The length of the front body is L1, and the 
length of the rear body is L2; The slip Angle of the front body is αଵ, and the slip Angle of 
the rear body is αଶ; The heading Angle of the front body is θଵand the heading Angle of 
the rear body is θଶ; The heading angular velocity of the front body is expressed as , The 
heading angular velocity of the rear body is expressed as . Define the course angular ve-

locity:  

𝛾̇ = 𝜃ଵ̇ − 𝜃̇ଶ     (1) 

 

 
Figure 2. The rotating model 2 of an articulated scraper. 

Under normal circumstances, the operation speed of the underground scraper is slow, 
and generally will not be over 30km/h [10]. If the influence of tire deformation and vehi-
cle body slip is ignored, that is, αଵ=αଶ, then the motion state model of the down-hole ar-
ticulated scraper is[11]:  

⎩
⎪
⎨

⎪
⎧ −𝑥̇ଵ𝑠𝑖𝑛𝜃ଵ + 𝑦̇ଵ𝑐𝑜𝑠𝜃ଵ = 0

−𝑥̇ଶ 𝑠𝑖𝑛(𝜃ଶ + 𝛾) + 𝑦̇ଶ 𝑐𝑜𝑠(𝜃ଶ + 𝛾)

𝜃̇ଶ(𝐿ଵ + 𝐿ଶ𝑐𝑜𝑠𝛾) + 𝛾̇𝐿ଵ = 0

−𝑣ଵ + 𝑣ଶ𝑐𝑜𝑠𝛾 + 𝜃̇ଶ𝐿ଶ𝑠𝑖𝑛𝛾 = 0

     (2) 

Note: 𝛾̇ is the articulated angular velocity 

By selecting the midpoint of the front axle as the reference point of the vehicle state, 
the kinematics model of the downhole articulated scraper can be obtained as: 

ආ
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According to Equation (3), the motion state of the whole vehicle body can be con-
trolled by the articulated angular velocity of the front car body of the downhole articu-
lated scraper[12]. 

2.2. Prediction location prediction model 
Prediction location by the current state of movement to solve the motion state of the 

next moment, the control strategy introduced in predicting the amount of location can be 
appropriate to control the amount of compensation in advance, to make the error of the 
controller for the future to make more reasonable control output, avoid the owe control 
and excessive control, ensure the quality of underground articulated LHD path tracking 
control[13]. 

 

Figure 3. Motion track diagram of the downhole articulated scraper. 

Articulated vehicle running curve and parameter definition are shown in Figure.3. 
Curve A is the ideal running path of the downhole articulated scraper. 

The ideal path of track curve A and the actual running path of track curve B; 𝑣௜ is 
the ideal running speed of the articulated scraper, and 𝑣 is the actual running speed of 
the articulated scraper; 𝜃௜ is the ideal heading Angle of articulated scraper, and 𝜃 is the 
actual heading Angle of articulated scraper; 𝑃௜(𝑥, 𝑦) is the ideal reference point of the 
articulated scraper, 𝑃(𝑥, 𝑦) is the actual reference point of the articulated scraper; 𝑂௜ is 
the ideal steering center of articulated scraper, and 𝑂 is the actual steering center of ar-
ticulated scraper[14]. 

In addition, the center of the front car body of the downhole articulated scraper is P, 
and the predicted position point of the scraper is 𝑃௜; The steering center of the front car 
body is 𝜃ଵ, and the steering center of the rear car body is 𝜃ଶ; The steering radius of the 
front body is  𝑅ଵ, and the steering radius of the rear body is 𝑅ଶ. 

According to the motion equation of articulated vehicle, the change rate of the front 
steering Angle of the vehicle is: 

𝜃̇ଶ =
௩భ௦௜௡ఊା௅మఊ̇

௅భ௖௢௦ఊା మ
     (4) 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 June 2021                   doi:10.20944/preprints202106.0523.v1

https://doi.org/10.20944/preprints202106.0523.v1


 

Set the sampling interval as △ 𝑡, and the predicted heading Angle of the front end of 
the vehicle is:  

𝜃ଵ
ᇱ = 𝜃ଵ +

௩భ௦௜௡ఊା௅మఊ̇

௅భ௖௢௦ఊା௅మ
△ 𝑡     (5) 

Assuming that the clockwise rotation direction of the vehicle body is the opposite 
direction, the solution can be obtained: 

𝑅ଵ =
௩భ(௅భ௖௢௦ఊା௅మ)

௩భ௦௜௡ మఊ̇
     (6) 

In order to distinguish the rotating motion state of the front car body from the linear 
motion state of the rear car body, the steering state is set as  𝑡଴ and the following condi-
tions are satisfied: 

𝑡଴ = ቐ

1              (𝑟 > 𝜀)

−1        (𝑟 < −𝜀)
0   (−𝜀 < 𝑟 < 𝜀)

     (7) 

Where, the threshold value is selected to be small. When the degree of steering Angle 
𝛾 of the downhole articulated LHD falls within the range of the threshold value, it can be 
assumed that the LHD does not rotate[15]. When the downhole articulated scraper moves 
from 𝑃(𝑥, 𝑦) to 𝑃ᇱ(𝑥ᇱ, 𝑦ᇱ), the time taken is △ 𝑡, and the change rate of steering Angle of 
the front segment of the vehicle is wଵ, then the Angle of the front segment of the vehicle 
turns is: 

𝛾、 = |𝑤ଵ| △ 𝑡     (8) 

According to the geometric relation, the forward distance of the vehicle can be calcu-
lated: 

𝑙 = 2𝑅ଵ𝑠𝑖𝑛
ఊ、

ଶ
     (9) 

It can be deduced that the midpoint 𝑃ᇱ(𝑥ᇱ, 𝑦ᇱ) of the front end of the car body in the 
next period is: 

             𝛿 =

⎩
⎪
⎨

⎪
⎧

0   (𝜃௙ = 𝜃௙)

𝜃ଵ + 𝑡଴(𝛾、/2)  (0 < 𝜃௙ < 𝜋/2)

𝜋 − 𝜃ଵ − 𝑡଴(𝛾、/2)  (𝜋/2 ≤ 𝜃௙ ≤ 𝜋)

−𝜃ଵ − 𝑡଴(𝛾、/2) (−𝜋/2 ≤ 𝜃௙ ≤ 0)

𝜋 + 𝜃ଵ + 𝑡଴(𝛾、/2) (−𝜋 ≤ 𝜃௙ ≤ −𝜋/2)

     (10) 

             𝑦ᇱ =

⎩
⎪
⎨

⎪
⎧

𝑦 + 𝑣ଵ △ 𝑡𝑠𝑖𝑛𝜃ଵ  
𝑦 + 𝑙𝑠𝑖𝑛𝛿  (0 < 𝜃௙ < 𝜋/2)

𝑦 + 𝑙𝑠𝑖𝑛𝛿  (𝜋/2 ≤ 𝜃௙ ≤ 𝜋)

𝑦 − 𝑙𝑠𝑖𝑛𝛿  (−𝜋/2 ≤ 𝜃௙ ≤ 0)

𝑦 − 𝑙𝑠𝑖𝑛𝛿  (−𝜋 ≤ 𝜃௙ ≤ −𝜋/2)

            (11)          

𝑥ᇱ =

⎩
⎪
⎨

⎪
⎧

𝑥 + 𝑣ଵ △ 𝑡𝑐𝑜𝑠𝜃ଵ  
𝑥 + 𝑙𝑐𝑜𝑠𝛿  (0 < 𝜃௙ < 𝜋/2)

𝑥 − 𝑙𝑐𝑜𝑠𝛿  (𝜋/2 ≤ 𝜃௙ ≤ 𝜋)

𝑥 + 𝑙𝑐𝑜𝑠𝛿(−𝜋/2 ≤ 𝜃௙ ≤ 0)

𝑥 − 𝑙𝑐𝑜𝑠𝛿(−𝜋 ≤ 𝜃௙ ≤ −𝜋/2)

             (12)   
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Note: δ is the deviation between the predicted heading Angle and the heading An-
gle of the current position. 

2.3. Subsection 
The core of this paper is to take the speed and hinge Angle of the downhole ar-

ticulated scraper in the current control scheme as the main control variables, so as to 
realize the control of the state of the hinge Angle[16]. Based on the predicted heading 
Angle and the current predicted heading deviation, the control system can effectively 
improve the control accuracy of reaction path tracking [17]. The average moving 
speed of the vehicle body is v, and the kinematic equation can be calculated according 
to the error obtained by comparing the actual running path of the downhole articu-
lated scraper with the ideal running path. The error model of the downhole articu-
lated scraper is shown in Figure.4. 

 

Figure 4. Error dynamic model of articulated scraper. 

Position deviation 𝛿ଵ- the lateral position error between the reference point P of the 
downhole articulated scraper and the relative point P on the planned path: 

𝛿ଵ̇ = 𝑣𝛿ଶ     (13) 

Driving direction deviation 𝛿଴- the difference between the direction Angle of the ref-
erence location point P of the downhole articulated scraper and the corresponding direc-
tion Angle of the reference location point P on the ideal motion trajectory: 

𝛿ଶ̇ = 𝑣𝛿ଷ +  𝑟̇
௅మ

௅మା௅భ௖௢௦௥
      (14) 

Curvature deviation- the curvature error between the reference locus P of the down-
hole articulated scraper and the reference locus P on the locus: 

𝛿ଷ̇ =
௩(௅భା௅ೝ௖௢௦௥)௥̇ା௅మ(௅మା௅భ௖௢௦௥)௥̈ା(௅భ௅మ௦௜௡௥)௥̇మ

௩(௅ଶ ା ௅భ௖௢௦ఊ)మ      (15) 

According to Equations (13) ~ (15) and L= L1+L2, it can be obtained: 
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ൡ = ൥
0 𝑣 0
0 0 𝑣
0 0 0

൩ ൝

𝜀ଵ

𝜀ଶ

𝜀ଷ

ൡ + ቐ

0
0

(
ଵ

௅
)
ቑ 𝛾̇ + ቐ

0
0

(
௅భ

௩௅
)
ቑ 𝛾̈     (16) 

Because the underground roadway is narrow, the underground scraper can only run 
at a low speed when the two sides of the roadway are close to each other[18]. Therefore, 
the real-time control of the hinged steering Angle of the underground scraper is the key 
and difficult point in the path tracking process. In order to realize the path tracking of the 
LHD in the roadway, the steering angular velocity and speed of the articulated Angle 
were selected as the control variables, and the error dynamics model was established 
based on the actual path and expected path of the LHD[19]. Articulated vehicle speed is 
slow, hinge Angle has a small change, and acceleration of hinge Angle can be ignored in 
general. Therefore, the deviation equation in the above equation is simplified, and the 
deviation dynamic equation of the downhole articulated scraper is obtained as follows[20]: 

൝

𝜀ଵ̇

𝜀ଶ̇

𝜀ଷ̇

ൡ = ൥
0 𝑣 0
0 0 𝑣
0 0 0

൩ ൝

𝜀ଵ

𝜀ଶ

𝜀ଷ

ൡ + ൞

0

(
௅మ

௅
)

(
ଵ

௅
)

ൢ 𝛾̇     (17) 

The difference between homeopathic heading Angle 𝜃௙ and expected heading An-
gle 𝜃௜ was defined as heading Angle deviation 𝜀ఏ. The distance between the reference 
location point 𝑃  and the expected reference location point 𝑃௜  of the underground 
scraper is taken as the transverse deviation 𝜀ௗ (positive when the reference location point 
𝑃 is on the right side of the expected path) : the curvature deviation between the reference 
location point 𝑃 and the expected reference location point 𝑃௜  is 𝜀௖. 

Under the condition of uniform speed, the dynamic model of the deviation of the 
articulated scraper is a linear time-invariant system model, and the articulated Angle can 
be controlled by controlling the error variable. 

3. Path Tracking of Underground Articulated LHD Based on LQR Controller 
The control object of LQR optimal controller is a linear system expressed by state 

space and other basic structures in modern control theory, and all state variables of the 
system are required to be fully controllable and observable[21]. The core idea of LQR con-
trol is to achieve the maximum control effect with the minimum control variable, namely 
the minimum energy consumption[22]. The optimal state design stage of LQR refers to 
the K design of various state feedback microcontrollers required in the optimization stage, 
which requires that we can simultaneously make the two objective vector functions of 
quadratic type Q and R take the lowest value. The state feedback matrix K of the target is 
the unique determination of Q and R matrices in LQR control, and both Q and R matrices 
are positive definite matrices[23]. 

According to the LQR control theory, the state space equation of the controlled object 
needs to be determined first. The state equation of the down-hole articulated scraper can 
be set as the following equations[24]: 

൜
𝑋̇(𝑡) = 𝐴ଵ𝑋(𝑡) + 𝐵ଵ𝑢(𝑡)

𝑌(𝑡) = 𝐶ଵ𝑋(𝑡) + 𝐷ଵ𝑢(𝑡)
     (18) 

Note: 𝐴ଵ is the system state space, 𝐴ଵ ∈ 𝑅௡×௡, and R is the n-dimensional real ma-
trix. 𝐵ଵ is the input vector of the system, 𝐵ଵ ∈ 𝑅௡×ଵ, and R is the n-dimensional vector. 

𝐶ଵ is the system output matrix, 𝐶ଵ ∈ 𝑅௡×௡, and R is the n-dimensional real matrix. 𝐷ଵ is 
the state feedback vector, 𝐷ଵ ∈ 𝑅௡×ଵ, and R is the n-dimensional real vector. 𝑋(𝑡)、𝑢(𝑡)

、𝑌(𝑡) are system input variables, state variables and outputs. 
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According to the above mathematical model of the scraper and vehicle parameters of 
the articulated scraper in Table1, parameters of the state-space equation of the down-hole 
articulated scraper can be determined as follows[25]: 

𝐴ଵ = ൥
0 3.5 0
0 0 3.5
0 0 0

൩ 𝐵ଵ = ൦

0
ଷ.ସସ

ହ.ଵଶ
ଵ

ହ.ଵଶ

൪ 𝐶ଵ = ൥
1 0 0
0 1 0
0 0 1

൩     (19) 

Table 1. articulated shovel vehicle body parameters 

Parameter Name Numerical value 

Distance from front bridge to articulation 
point 𝐋𝟏/𝐦 

1.766 

Rear bridge distance to articulation point 
distance 𝐋𝟐/𝐦 

1.866 

Tire Diameter 𝐝/𝐦 1.32 

Body width 𝐖/𝐦 2.27 

Articulated steering angle change range  

𝛄/𝐫𝐚𝐝 
0.30π 

Maximum speed 𝐕𝐦𝐚𝐱/(𝐦 × 𝐬ି𝟏) 7.2 

Maximum steering angle speed change 
range 𝛄𝐦𝐚𝐱/𝐫𝐚𝐝 × 𝐬ି𝟏) 

0.17 

According to the above matrix parameters, the energy control and visual analysis of 
the system are: 

൜
𝑟𝑎𝑛𝑘[𝐵 𝐴𝐵 𝐴ଶ𝐵] = 3

𝑟𝑎𝑛𝑘[𝐶 𝐶𝐴 𝐶𝐴ଶ] = 3
     (20) 

From the above equation, it can be seen that the observability and controllability ma-
trix of the system are full rank, which means that the downhole articulated scraper system 
is fully controllable and observable, meeting the basic conditions of LQR control[26]. The 
state space equation model of the system can be determined by the deviation dynamics 
model and parameters of the downhole articulated LHD: 

൜
𝜀̇(𝑡) = 𝐴𝜀(𝑡) + 𝐵𝛾̇(𝑡)

𝑌(𝑡) = 𝜀(𝑡)
     (21) 

Through the output deviation matrix 𝜀(𝑡) = [𝜀ଵ 𝜀ଶ 𝜀ଷ] of the control system, the 
ideal articulation Angle input of the truck body can be obtained, and the optimal control 
performance index can be established[27]. 

𝐽(𝛾̇) = 𝐽଴(𝑡) + 𝐽ଵ(𝑡) = ∫ [𝜀்(𝑡)𝑞𝜀(𝑡) + 𝛾்̇(𝑡)𝑟𝛾̇(𝑡)]𝑑𝑡
ஶ

଴
       (22) 

Note: J଴ is the time domain integral of the deviation of the downhole articulated 
scraper is the error performance index. Jଵ represents the time domain integral of the 

control quantity, namely the energy consumption index. 
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The core of LQR control is to achieve the best control effect with the minimum error 
performance index and the minimum energy consumption index, establish the feedback 
control rate 𝑢 = −𝐾𝑋(𝑡) to achieve 𝐾 = 𝑅ିଵ𝐵்𝑃, and establish the Riccati equation: 

𝐴்𝑃 + 𝑃𝐴 + 𝑄 − 𝑃𝐵𝑅ିଵ𝐵்𝑃 = 0     (23) 

Note: P is some definite positive matrix, and let 𝑃 = 𝐸, E is the identity matrix. 

In order to achieve the best input of the control system, it is necessary to reasonably 
configure the Q and R matrices to achieve the ideal output of the control quantity[28]. The 
configuration process of Q and R parameters is shown in Figure. 5. 

 

Figure.5 LQR parameter configuration process 

The input of LQR controller is composed of three parts. One is the acquisition of the 
position and posture information of the scraper related to the current position and the 
input of the LQR controller[29]. Secondly, the acquisition of ideal path information means 
that the input of LQR controller is related to the position information of ideal path. The 
third is the collection of predictive position information, which is solved by using the de-
viation dynamics model[30]. Therefore, the controller input of LQR should be a linear su-
perposition of the above three variables. In order to prevent over-control and under-con-
trol of the downhole articulated LHD, different weights should be given to the three var-
iables after comprehensive consideration. The strategy adopted in this paper is to obtain 
the difference between the current position information and the ideal path, and the pre-
dicted position information is to obtain the error by calculating the deviation dynamics 
model. The final input of the LQR controller is the weighted superposition of the two, as 
shown in Equation (24). 

ቐ

𝜀(𝑡) = 𝑎𝜀௔(𝑡) + 𝑏𝜀௕(𝑡)

𝜀௔(𝑡) = [𝜀ଵ 𝜀ଶ 𝜀ଷ]

 𝜀௕(𝑡) = [𝜀ଵ
、 𝜀ଶ

、 𝜀ଷ
、]

     (24) 

Note: εଵ(t) is Current Tracking Deviation Matrix; εଶ(t) is Prediction Information 
Deviation Matrix; a, b is weight factor, a + b=1; ε(t)is the Final input for the LQR control-

ler. 

4. The realization and simulation of intelligent cluster algorithm 
A state variable weight matrix Q in the LQR control and control the amount of weight 

matrix R, and use that to determine state feedback vector, selection of matrix Q and R 
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parameter will directly related to the effects of control, and parameter setting problem in 
the classical control theory, the selection of two positive definite matrix Q and R tends to 
rely on a large number of engineering experience, takes longer[31]. Moreover, the optimal 
parameter configuration of Q and R cannot be obtained. The selection of the weight matrix 
Q of the state variable and the weight matrix R of the control quantity can be simply re-
garded as the Travel Salesperson Problem. It is difficult to obtain the optimal solution for 
such problems with general methods, so we need to solve them with the help of some 
enlightening intelligent clustering algorithms, such as genetic algorithm (GA), Ant Colony 
Algorithm (ACO), Micro Particle Swarm Optimization (PSO) [32]. 

4.1. Adaptive GA algorithm optimization 
4.1.1. Disadvantages of simple genetic algorithms 

Simple genetic algorithm (SGA) is of great significance in practical engineering 
application, but nowadays, many defects of classical simple genetic algorithm are ex-
posed in the process of engineering practice, such as "population precocity", popula-
tion differentiation and various groups still do not show the identity after various 
choices and so on[33]. The unreasonable structure of natural selection, crossover and 
mutation algorithm is the fundamental reason for the precocity problem of the popu-
lation. The precocity problem cannot be avoided, which is also a major feature of in-
telligent clustering algorithm. Therefore, it is necessary to improve the crossover op-
erator and mutation operator of the classical genetic algorithm, so as to solve the prob-
lem of population precocity to some extent[34]. 

4.1.2. Improved genetic algorithm-LQR control (LQR-AGA) 
In LQR control, as an improved intelligent cluster algorithm, the improved adaptive 

genetic algorithm overcomes the shortcomings of the traditional LQR control.The param-
eter selection of Q and R is optimized by population, and the crossover mutation operator 
of the improved genetic algorithm has a strong global optimization ability, and it can find 
the best state feedback matrix in the selected space[35]. 
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Figure.6 AGA Algorithm Flow Chart 

The improved adaptive genetic algorithm operation process is shown in Figure.6, 
whose main function is to optimize the Q, R two matrices in the LQR controllers, that is, 

to find out the parameters of the optimal 𝑄 = ൥

𝑞ଵ 0 0
0 𝑞ଶ 0
0 0 𝑞ଷ

൩ and R matrix. 

A. Encoding 
The improved adaptive genetic algorithm can encode chromosomes and genes by 

using the real encoding method because the real encoding method is intuitive, simple and 
easy to calculate[36]. This method is suitable for the calculation of genetic algorithm with 
complex fitness function, and can greatly reduce the calculation amount of genetic algo-
rithm, so as to speed up the running efficiency of genetic algorithm[37]. 

For example, chromosome is assumed to be 𝑄 = ൥

𝑞ଵ 0 0
0 𝑞ଶ 0
0 0 𝑞ଷ

൩, of these, q1 q2 q3 are 

genes on the chromosome, Q is the operation of selection, crossover and mutation opera-
tors after the participation of chromosomes and individuals. 

B. Group value range 
Chromosome Q is generated according to Matlab random number matrix, that is, the 

initial trial of the population has a strong randomness, which expands the global optimi-
zation ability of the improved adaptive genetic algorithm. 

𝑄 = ൥

𝑞ଵ 0 0
0 𝑞ଶ 0
0 0 𝑞ଷ

൩ = ൥
50 ∗ 𝑟𝑎𝑛𝑑 0 0

0 50 ∗ 𝑟𝑎𝑛𝑑 0
0 0 50 ∗ 𝑟𝑎𝑛𝑑

൩     (25) 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 June 2021                   doi:10.20944/preprints202106.0523.v1

https://doi.org/10.20944/preprints202106.0523.v1


 

It can be seen from Equation (25) that, 𝑞ଵ ∈ [0,50]、𝑞ଶ ∈ [0,50]、𝑞ଷ ∈ [0,50], the 
stability of the whole system and the state feedback matrix must exist can be guaran-
teed by such a value[38]. 

C. Interleaved mode 

The improved crossover operator is used to select the parent generation for cross-
over change to produce the offspring with strong global search ability. 

ቐ
𝑦௜

(ଵ)
= 𝑎ቀ𝑥௜

(ଵ)
− 𝑥௜

(ଶ)
ቁ + 𝑏𝑥௜

(ଵ)
+ 𝑐𝑥௜

(ଶ)
 

𝑦௜
(ଶ)

= 𝑎ቀ𝑥௜
(ଵ)

− 𝑥௜
(ଶ)

ቁ + 𝑏𝑥௜
(ଶ)

+ 𝑐𝑥௜
(ଵ)

     (26) 

൝
𝑦௜

(ଵ)
= 𝑏𝑥௜

(ଵ)
+ 𝑐𝑥௜

(ଶ)

𝑦௜
(ଶ)

= 𝑏𝑥௜
(ଶ)

+ 𝑐𝑥௜
(ଵ)

     (27) 

Note: x୧
(୬)

 is the n gene above the parent line i chromosome; y୧
(୬)

is the n gene 
above the offspring clause i chromosome; a b c represents the Cross variants. 

The two crossover modes are selected according to whether the children cross 
the boundary or not. If the children cross the boundary, they cross according to Equa-
tion (26); otherwise, they cross according to Equation (27) [39]. 

D. Variation 

According to the adaptive mutation operator, the random gene location on the 
chromosome was mutated to ensure the diversity of the population and enhance its 
global optimization ability. Meanwhile, it also ensured that the population could have 
the identity and converge to the optimal solution in the later iteration period. 

𝛺 = {𝑥௞ − 𝑠(𝑡) × (𝑥௞ − 𝐿௞), 𝑥௞ + 𝑠(𝑡) × (𝑈௞ − 𝑥௞)}       (28) 

Note: 𝑠(𝑡) = 1 − 𝐶[ଵି(
భ

ಸ
)]ೖ

; 𝛺 represents Size range of the variation action; 𝑥௞  rep-

resents Genes; 𝐿௞ represents Minimum range of variation of the previous generation; 
𝑈௞  represents Maximum range of variation of the previous generation; 𝑠(𝑡) represents 

Algebraic variants. 

When the number of iterations is small, the gene probability is large and the global 
optimization ability of the population is strong. When the number of iterations is high, 
the mutation probability is small, and the computational speed of genetic algorithm is 
high, and the required time is short[40]. 

E. Parameter selection 

The number of initialized population individuals was set to be 30, and 50 generations 
were bred. The probability of crossover between two chromosomes was 0.2, the variation 
action constant b=3, and the range of population living space was [0,50]. 

Through 𝐽(𝛾̇) discretization of LQR, the fitness equation can be obtained as follows: 

𝐹(௜) = ∑ 𝑞ଵ𝜀ଵ
ଶ(𝑡)்

௧ୀଵ + 𝑞ଶ𝜀ଶ
ଶ(𝑡) + 𝑞ଶ𝜀ଷ

ଶ(𝑡) + 𝛾̇ଶ(𝑡)     (29) 

Note: T represents total sampling time length; q1, q2, q3 represents Q matrix diago-
nal element. 

To sum up, the block diagram of LQR-AGA control system can be drawn shown as 
Figure 7[41]. 
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Figure.7 LQR-AGA control system block diagram 

4.1.3. Simulation experiment of LQR-AGA control algorithm 
Used for the simulation of the path as shown in Figure 8, for wavy roadway, the 

halfway point of the cross section of the roadway in the attachment for the ideal of scraper 
run path which control target path, this path has continuous turning and other complex 
road conditions, so for the controller detection needs to have a strict conditions, to embody 
the scraper movement in actual operation[42]. In addition, in order to ensure the safe op-
eration of the scraper, the maximum lateral deviation, namely the safe distance, should be 
set within 0.6m[43]. 

 
Figure.8 Simulation path of a downhole articulated scraper 
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For example, it is assumed that the population size N is set to 30 and the number of 
iterations G can be set to 50 generations. The probability of crossover is about 0.2, which 
can ensure that the population has strong adaptability, and can have a better global opti-
mization ability and algorithm iteration speed. The adaptive variation constant 0.2 can 
ensure that the population has a relatively good global optimization ability, and avoid 
falling into local optimization in the iteration. The variation action constant b=3 guaran-
tees the global capability at the initial stage of variation and ensures that the local opti-
mum will not fall into at the end of variation. The survival range of the population [0,50] 
ensures the positive nature of the control matrix and the stability of the whole control 
system[44]. 

In summary, all parameters of LQR-AGA are set as shown in Table 2 below. 

Table 2. AGA parameter configuration 

Parameter Name 
Numerical 

value 

Population size: N 30 

Iterations: G 50 

Cross-crossing 
probability 

0.2 

Adaptive variation 
constant 

0.2 

Variiation 
constconstant b 

3 

Population survival 
range 

0-50 

 

The initial test coordinate of the articulated scraper is set as [0.00,6.50], the initial test 
heading Angle is set as 0π, the hinged steering Angle is returned to zero, and the driving 
speed is constant 3.5m/s. AGA algorithm is used to optimize the weighted matrix in the 
path tracking controller of the articulated scraper. After repeated experiments, we found 
that in the first 20 iterations of AGA algorithm, the population has already had strong 
spatial distribution and global search ability. The spatial distribution and variation are 
wide. In the last 20 generations, the population shows strong convergence and quickly 
converges to the optimal solution of living space. The adaptations of whole populations 
to humans and other creatures in nature are the same as the adaptations of humans to 
populations[45]. Table 3 shows the results of parameter optimization. The results show 
the historical optimal adaptability in the iteration time environment of other parameters. 
In the 50 iterations, the fitness of AGA algorithm showed monotonically increasing, indi-
cating that both individuals and population were evolving towards the position of the 
optimal solution, and the fitness of the population remained stable at the end of the itera-
tion, indicating that the entire population had converged to the optimal solution[46]. 

Table 3. AGA algorithm searching for optimal results 

Algorithm Weighted matrix Q Linear feedback matrix K Suitability 
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𝑞1 𝑞2 𝑞3 𝑘1 𝑘2 𝑘3 

AGA 1.4685 33.5161 33.8515 1.0605 6.3752 6.5008 18220 

 

Figure.9 A,B,C: Population distribution of the 1st, 19th and 49th generations;     
D: Average fitness per generation. 
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Figure. 10 Simulation result. 
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Figure. 11 Deviation range. 

As can be seen from Fig.9 to Fig.11, the population has a strong global optimization 
ability at the beginning, and the convergence rate is fast at the later stage of iteration, and 
the average fitness of the population is high at the end of iteration. From the perspective 
of the simulation environment, the lateral error of the LHD on the simulated path is less 
than 0.1m, so it can be seen that the weighted matrix Q optimized by the AGA algorithm 
makes the actual route of the articulated LHD basically coincide with the ideal planning 
path[47]. 

4.2. Optimization of QPSO algorithm 
4.2.1. Disadvantages of simple PSO algorithm 

The model of the simple PSO algorithm is the Boid (bird-oid) model of birds' preda-
tion behavior, which simulates the predation characteristics of the gregarious creatures. 
Because of its low requirement for the objective function, simple programming and easy 
programming, this model algorithm plays an important role in data scheduling optimiza-
tion processing, function optimization analysis, intelligent training and neural network 
and other emerging disciplines. However, BOID model also has obvious disadvantages, 
such as serious precocity problem of population, strong randomness of optimization re-
sults, and the global optimal advantage can only be found when the number of iterations 
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approaches infinity. These reasons will result in that the PSO algorithm of the BOID model 
cannot satisfy the parameter optimization function of the LQR controller, because the ob-
jective function of the LQR is a complex multi-peak function, and the randomness of solv-
ing it by the BOID model is too large, and it cannot guarantee that the optimization results 
can meet the path tracking requirements of the down-hole articulated scraper. Therefore, 
it is necessary to improve the simple PSO algorithm to achieve the optimization ability of 
LQR objective function[48]. 

4.2.2. Quantum Behavior PSO Algorithm (QPSO) 
This particle swarm optimization algorithm strengthens the global optimization abil-

ity of each individual in the population. Combined with the linear decreasing weight strat-
egy, the inertia of the individual group can be reduced at the end of the iteration to accel-
erate its convergence rate, so as to accelerate the group searching efficiency. The optimized 
particle swarm speed iterative algorithm is shown in Equation (30) : 

 ൞

𝑉௜ = 𝑤𝑉௜ + 𝑎ଵ𝑟𝑎𝑛𝑑()(𝑃𝑏𝑒𝑠𝑡 − 𝑋௜) + 𝑎ଶ𝑟𝑎𝑛𝑑()(𝐺𝑏𝑒𝑠𝑡 − 𝑋௜)
𝑋௜ = 𝑋௜ + 𝑉௜

𝑊 = (𝑊௜௡௜ − 𝑊௘௡ௗ) ×
ீೖି௚

ீೖ
+ 𝑊௘௡ௗ

     (30) 

Note: 𝑉௜ represents the velocity of the i th particle; 𝑋௜ represents the location of the 
i th particle; Pbest represents the historical optimal position of the particle; Gbest repre-

sents the historical optimal location of the population. 

In view of the particle swarm optimization algorithm (PSO) in the late iteration of 
high dimension, it is easy to fall into local optimum and other problems. Therefore, the 
concept of hand velocity factor needs to be introduced to increase the velocity of particles 
at the end of iteration. Its formula is shown in Equation (31) : 

      𝑉௜ = 𝐾[𝑉௜ + 𝑎ଵ𝑟𝑎𝑛𝑑( ) × (𝑃௜ − 𝑉௜) + 𝑎ଶ𝑅𝑎𝑛𝑑() × (𝑃௚ − 𝑋௜)     (31) 

In the early stage of algorithm iteration, because the particle distribution is relatively 
scattered and the particle has a large inertia weight at this time, it will explore the space 
globally according to its initial test velocity, and the particle at this time has a strong global 
exploration ability. Therefore, the need for K worth configuration should be large initially. 
In the late iteration of the algorithm, the population needs to have strong convergence 
characteristics, so as to speed up the operation speed of the algorithm, and the population 
needs to change in a small spatial range. To sum up, K value should show a monotonically 
decreasing characteristic with the increase of the number of iterations, so we can set the 
function of K value changing with the number of iterations as shown in Equation (32). 

4

5.2)
max_

cos( 









T

Gen
T

K                  (32) 

Note: T represents Number of current iterations; Max_Gen represents Maximum 
number of iterations. 

Quantum-behaved particle swarm optimization (QPSO the simple PSO algorithm 
adjusted the position update strategy, its cancelled this property, instead, the probability 
distribution function, which means that the particles according to the probability distri-
bution, rather than according to the velocity distribution, so the space attribute need each 
particle in a population by each observation to determine. The formula for calculating the 
average value of the historical optimal fitness of a single particle is as follows: 

𝑚 =
ଵ

ே
∑ 𝑝𝑒𝑠𝑡௜

ே
௜      (33) 
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Note: N is the Sum of the number of particles; 𝑃𝑒𝑠𝑡௜ represents the optimal fitness 
of a single particle in the i th iteration. 

The position update of particles is based on the probability distribution function, as 
shown in Equation (34) : 

                                                                                    ቊ
𝑃௜ = 𝜉 × 𝑝𝑒𝑠𝑡௜ + (1 − 𝜉) × 𝑔𝑒𝑠𝑡௜

𝑋௜ = 𝑃௜ ± 𝑎|𝑚 − 𝑋௜| × 𝑙𝑛 (
ଵ

௕
)

                                                         (34) 

Note: ξ represents the probability function obeys the uniform distribution on (0,1); 
±𝛼 represents the expansion coefficient, the probability of positive is 50%, and the prob-

ability of negative is 50%. 

Particle swarm optimization analysis algorithms directly using particle group each 
particle in the individual information is used to group comprehensive analysis and infor-
mation sharing of the information to directly promote the coordinated motion of particle 
groups, making it directly in a population problem solving process in space will naturally 
produce directly from disorderly to orderly way of the evolution process of evolution, 
Thus, we can directly obtain the optimization and understanding of a group problem, 
whose basic flow A and block diagram B of the LQR-QPSO system are shown in Figure 
12 and Figure 13. 

 

Figure. 12 Particle Group algorithm algorithm Flow. 
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Figure. 13 Particle Group algorithm algorithm Flow. 

4.2.3. LQR-QPSO control algorithm simulation experiment 
The simulation environment is shown in Figure 8; See Table 1 for body parameters 

of the downhole articulated scraper; QPSO parameter configuration is shown in Table 4. 
The maximum lateral deviation is required to be less than 0.6m[49]. 

Table 4. QPSO configuration of quantum behavior particle group algorithm parameters 

Parameter Name Numerical value 

Iterations: G 80 

Population size: N 30 

Termination of the inertia 
weight wୣ୬ୢ 

0.4 

Initial inertia weight w୧୬୧ 0.9 

Learning Factors a1 1.5 

Learning Factors a2 1.5 

Particle Taking Value 
Limitq୫ୟ୶ 

400 

Max imum speedv୫ୟ୶ 1.0 

Initial shrinkage-factor of ex-
pansion αୠ 

1.0 
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Termination shrinkage-Expan-
sion ation factor αୣ 

0.5 

The initial test coordinate of the articulated scraper is set as [0.00,6.50], and the head-
ing Angle of the initial test is set as zero Angle, namely 0°. In addition, the steering Angle 
of the front and rear car bodies of the articulated scraper is set to zero, which means that 
the body keeps moving forward, and the traveling speed is 3.5m/s, so it is inconvenient to 
keep the speed constant. After repeated trial and simulation tests, it is found that in all 
experiments, the population convergence rate of QPSO algorithm is slow. In the first 30 
generations, each particle varies greatly in the global scope, showing obvious divergence, 
but after 60 generations, the particle swarm gradually converges to the optimal value. And 
the controller parameters obtained in the 80 generation can make the errors in the opera-
tion process of the articulated scraper within a reasonable range[50]. 

Table 5. Optimization results of QPSO algorithm 

Algorithm 
Weighted matrix Q Linear feedback matrix K 

Suitability 
𝑞1 𝑞2 𝑞3 𝑘1 𝑘2 𝑘3 

QPSO 40.8844 49.0588 43.0995 5.2700 10.6900 6.7451 17330 
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Figure. 14 Population distribution of the 1st, 31th and 80th generations; and Average fitness per generation. 

 

Figure. 15 Simulation results. 
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Figure. 16 Deviation range. 

4.3. ACA optimization of ant colony algorithm 
4.3.1. Ant Colony Algorithm - LQR Controller (LQR-ACA) 

An LQR-ACA path tracking controller can be established as shown in Figure 17[51]. 

 

Figure. 17 LQR-ACA control system block diagram. 

4.3.2. LQR-ACA control algorithm simulation experiment 
The validity and reliability of the LQR-ACA path traceability controller were tested 

and verified by MATLAB simulation[52]. In order to make this ant group have better 
search ability and code iteration speed, Ant number is set as 30, and search times G is set 
as 50 generations. Hormone play factor is set to 0.4 and the search range is set to [0,50] 
[53]. 

Table 6. ACA parameter configuration 

Parameter Name Numerical value 

Ant Number: ant 30 

Search times: G 100 

hormone play factor 𝑤௜௡௜ 0.4 

Transfer probability 𝑃0 0.2 

 

The initial coordinate of the articulated scraper is set as [0.00,6.50], the heading Angle 
of the initial test is set as 0π, the hinged steering Angle is returned to zero, and the driving 
speed is constant 3.5m/s. Ant colony algorithm is used to configure the parameters of the 
LQR controller of the articulated scraper. After tested repeatedly found that ant colony 
algorithm of ant colony in 100 iterations will converge to different extreme value point, 
and the position of most of the ants in the number of iterations is more than 20 since he 
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no longer changes generation, the fitness function of the LQR controller is a more extreme 
value point function, there were many in the solution space fitness equal points[54]. 

Table 7. ACA algorithm optimization results 

Algorithm 
Weighted matrix Q Linear feedback matrix K 

Suitability 
𝑞1 𝑞2 𝑞3 𝑘1 𝑘2 𝑘3 

A C A 0.8419 7.0752 40.6476 0.8288 4.1523 6.5550 15333 

 

 

Figure. 18 Population distribution of the 1st, 31th and 80th generations; and Average fitness per generation. 

The parameter optimization results are brought into the simulation environment of 
the articulated scraper to complete the path tracking simulation, and the results as shown 
in Figure 19 can be obtained. The weighted matrix Q obtained by the ACA algorithm 
makes the actual route of the articulated scraper coincide with the ideal planning path 
basically[55]. 
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Figure. 19 Simulation results. 
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Figure. 20 Deviation range. 

5. Comparison of intelligent cluster algorithm optimization LQR 

5.1. Comparison of algorithm parameter configuration 
The population size of AGA, QPSO and ACA was 30. Both AGA and QPSO popula-

tions converge to a certain extreme point, but AGA population converges faster than 
QPSO, while ACA population converges to multiple extreme points, and the calculation 
time is longer. 

Table 8. Parameter configuration comparison 

Algorithm Name Population size 
Number of 

convergence 
iterations 

Operation time 

Adaptive Genetic algorithm AGA 30 50 15min 
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Quantum behavior particle 
swarm algorithm QPSO 

30 80 25min 

Ant colony algorithm ACA 30 No convergence 30min 

5.2. Comparison of algorithm results 
The parameter configuration of Q matrix obtained by the three intelligent clustering 

algorithms is very different, but they all have high fitness. AGA had the highest fitness, 
while ACA had the lowest fitness. 

Table 9. Comparison of algorithm optimization results 

Algorithm 
Weighted matrix Q Linear feedback matrix K 

Suitability 
𝑞1 𝑞2 𝑞3 𝑘1 𝑘2 𝑘3 

AGA 1.4685 33.5161 33.8515 1.0605 6.3752 6.5008 18220 

QPSO 40.8844 49.0588 43.0995 5.2700 10.6900 6.7451 17330 

A C A 0.8419 7.0752 40.6476 0.8288 4.1523 6.5550 15333 

5.3. Comparison of simulation results 
In the simulation environment, the ideal path of the articulated scraper is a circular 

trajectory with (0,0) as the center of the circle and a radius of 5, as shown in Figure 21. It 
can be seen from Figure 22 that the optimization results of the three clustering algorithms 
can all meet the error requirements. In the simulation, the initial error of the optimization 
results obtained by the AGA algorithm and the ACA algorithm is large. After about a 
quarter of a semicirculate trajectory, the optimization controllers obtained by the AGA 
and ACA intelligent clustering algorithms can reduce the deviation degree between the 
LHD and the ideal path in the subsequent operation through the control effect. The opti-
mization results obtained by the QPSO algorithm are always less deviated from the ideal 
path. 
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Figure. 21 Contrast experimental simulation paths. 
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Figure. 22 Comparison simulation results. 

6. Conclusion 
AGA, QPSO and ACA intelligent clustering algorithms can all find the optimal re-

sults for LQR parameter configuration problem, but these three algorithms have their own 
advantages and disadvantages. For example, the AGA algorithm has fast operation speed 
and fast group convergence, but the optimization result is poor compared with the QPSO 
algorithm. QPSO algorithm is slow in operation speed and group convergence speed, but 
it can find the optimal solution. ACA algorithm is slow in calculation speed and group 
convergence speed, but it can converge to multiple extreme points, and there is a large 
space for optimization. 

The biggest characteristic of intelligent clustering algorithm is the problem of data 
prematurity. Secondly, in terms of LQR parameter configuration, the fitness function is 
the main reason for the slow operation speed of intelligent clustering algorithm. In order 
to solve the precocity problem, the development direction of this kind of algorithm is to 
improve the intelligent cluster algorithm, while the problem of computing speed is to sim-
plify and redefine the fitness function of LQR to reduce the computing time. 
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This paper studies the path tracking control of intelligent scraper unmanned driving 
technology, focusing on the linear quadratic optimal control LQR and the parameter op-
timization of intelligent clustering algorithm AGA, QPSO and ACA. The main work of 
this paper is summarized as follows: 

(1) for articulated LHD path tracking control problems, this paper studied the kine-
matics model of the articulated LHD body, through the analysis of the kinematics model-
ing, it is concluded that the articulated LHD vehicle reference speed of anchor point, 
course angular velocity, turning angular velocity and the mathematical relationship be-
tween the scraper speed and steering angular velocity. 

(2) for the selection of control scheme, based on the kinematics model of the articu-
lated LHD lateral error identified the scraper, and heading Angle error, the error between 
the steering Angle and curvature of state space, according to the state space is put forward 
to steering Angle to control to control the amount of articulated LHD vehicle location of 
LQR controller, linear quadratic linear optimal control. 

(3) Aiming at the problem that the parameters of LQR controller are difficult to select, 
this paper proposes the LQR controller scheme optimized by the intelligent cluster algo-
rithm, and compares the advantages and disadvantages of different clustering algorithms, 
and puts forward a feasible implementation scheme for the path tracking control of the 
intelligent scraper. 
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