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Abstract

:

This paper proposes an integrated path tracking controller for articulated vehicles. A nonlinear model-predictive control (NMPC)-based reference state tracker is designed as an upper-level controller to solve the vehicle’s longitudinal velocity and steering rate. A terminal cost is introduced into the NMPC to improve the controller’s stability. A lower-level controller is developed to translate upper-level solutions into vehicle actuators’ signals, including steering and driving controllers. The steering controller translates the steering rate into the linear velocity of the cylinder to calculate the required fluid volume and ultimately into the rotation speed of the steering motor. The neural network method is applied in the driving controller to ensure accuracy under different loadings. In order to investigate the effects of the path tracking controller, an articulated dump truck is adapted for the field tests by adding the steering-by-wire system and driving-by-wire system, respectively. Experimental verifications of the lower-level controller are performed. The results show that the controller can accurately satisfy the demand. Finally, the tracking performance of the integrated path tracking controller is analyzed experimentally under different reference velocities. The results indicate that tracking accuracy can be guaranteed.
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1. Introduction


Articulated vehicles are widely used in underground mining environments since an articulated vehicle’s steering radius is smaller than a same-scale nonarticulated vehicle [1]. This maneuverability advantage is provided by the articulated vehicle’s steering approach: the vehicle’s hydraulic steering cylinders push or pull the front and rear body, making them rotate relative to each other and steer [2].



With the increasing demand for mineral resources, nearly 50 metal mines have been constructed at depths of more than 1000 m in China. Within the next ten to fifteen years, one-third of underground metal mines will enter 1000 m of mining depth [3]. Deep mining means more significant challenges, such as increased technical difficulty, harsh environments, and high safety risks [4]. As a result, the deep mining environment is unsuitable for long-term human operations. In this situation, developing autonomous mining technology is the inevitable option and necessary approach for deep resource extraction.



Autonomous driving is a precondition for autonomous mining. It mainly contains three major systems: sensing and perception, path planning, and path tracking [5]. Among them, path tracking control is a critical technology to realizing autonomous driving [6]. The path tracking control aims to ensure that the vehicle tracks the planned reference trajectory accurately, stably, and robustly [7]. In recent years, a large number of path tracking algorithms have been proposed, such as pure pursuit control, Stanley tracking algorithm, proportional–integral–derivative (PID) control, sliding mode control, adaptive control,    H ∞    control, linear quadratic regulator (LQR) control, and model-predictive control (MPC) [6,8,9]. MPC is increasingly used in current autonomous driving path tracking programs [10] because of its ability to handle multiple inputs and outputs and the advantage of considering system constraints [11,12,13]. Meanwhile, NMPC is increasingly used due to the improvement of the computational power of the controller and the update of the solution algorithm [14,15].



Compared to passenger vehicles, there are a few studies on MPC path tracking for articulated vehicles. Nayl presented a switching model-predictive control scheme for an articulated vehicle under varying slip angles [16,17,18]. Dou designed a dynamic error model-based MPC controller for steering control of an articulated vehicle [18]. Bai proposed NMPC path tracking controllers for articulated vehicles. By comparing with switching model-predictive control, NMPC can be used to improve the path tracking control accuracy [19]. Gao presented a novel model-based steering control for an articulated vehicle [20]. However, most of the papers mentioned above are based on simulation studies [16,17,18,19]. Only [20] contains an experimental investigation but solely includes steering control. More importantly, the parameters are fixed in these MPC controllers. However, due to the nature of the work of underground articulated mining vehicles, their loads change frequently. Therefore, a specific set of controller parameters does not allow the vehicle to maintain a good tracking accuracy throughout the entire work cycle.



Furthermore, the abovementioned path tracking controllers are insufficient to perform tracking experiments. Chassis controllers are needed to implement the control requirements of the path tracking controller; however, there are few descriptions of the chassis wire control system for underground articulated mining vehicles.



In addition, control-by-wire modifications are a prerequisite for realizing chassis control since most of the current articulated vehicles are designed to be driven manually. It is supposed to include steering-by-wire, driving-by-wire (acceleration, braking), and other actuators-by-wire systems (e.g., shoveling system, dump unloading system). For the steering-by-wire system, Rowduru proposes four kinds of solutions [2], including:




	
A stepper motor provides torque to drive a hydraulic steering valve and control the articulated angle or angular speed [21];



	
A proportional directional control valve (DCV) controls flow into the steering cylinder so that controls the articulated angular speed [22]. However, the proportional DCV usually has a dead zone [20], resulting in small articulated angular speeds not being achieved. Furthermore, when the oil pump is powered by the engine, the engine speed and the opening of the valve port will jointly affect the articulated angular speed, increasing the control difficulty;



	
A motor controls the variable displacement pump (VDP) to manage the flow into the steering cylinder, so that controls the articulated angular speed. Compared to the DCV-controlled system, the response time of the pump-controlled actuation system is slower [23];



	
Based on solution 3, a variable frequency drive (VFD) is applied to control the speed of an electric motor. Therefore, the flow entering into cylinders can be directly controlled either by the pump’s displacement or by the motor’s variable speed [24].








For the driving-by-wire system, there are different driving methods for different articulated vehicles, for instance, engine drive, motor drive, and hybrid drive. Different drive methods have different driving control methods. Therefore, the discussion will not be expanded here.



This paper presents an integrated path tracking controller for underground articulated mining vehicles. The controller includes an upper-level controller and a lower-level controller. The upper-level controller is an NMPC state tracker responsible for reducing errors between the vehicle and the reference path. The lower-level controller is a chassis controller accountable for meeting the control demands from the upper-level control. The lower-level controller includes a steering controller and a driving controller. A step motor is used to control the steering rate for the steering controller. It enables minor steering speeds, unlike other steering control methods with dead zones. A neural network control method is introduced for the driving controller to solve the complex driving relationships in articulated vehicles and to ensure the vehicle can cope with different load conditions. To implement the controller, a proposed solution is developed for the wire control modification of the articulated vehicle’s steering and driving systems. Based on this, this paper conducts an experimental study on the integrated path tracking controller. It verifies the controller’s accuracy, stability, and time performance during the experiment.



This paper is organized as follows. Section 2 elaborates on the design of an NMPC state tracker controller with terminal cost. Section 3 describes the design of a lower-level controller. Section 4 presents an overview of the articulated vehicle used for the experiments and the wire control adaptions. Section 5 presents the lower-level experimental verification and shows the integrated path tracking controller’s experimental results at different reference velocities. Finally, Section 6 concludes this paper.




2. Upper-Level Controller


In this section, the NMPC controller design is discussed, and the mathematical formulation of the articulated vehicle model used in this work is explained.



2.1. Nonlinear Model-Predictive Control


NMPC can handle constraints explicitly, which comes from its model-based prediction of the future dynamic behavior of the system, by adding constraints to future inputs, outputs, or state variables, which can be represented explicitly in a nonlinear programming problem solved online. The NMPC closed-loop procedure is shown in Figure 1. The NMPC controller obtains the vehicle states and positioning by fusing the vehicle’s sensor information. At the same time, a path planning module gives a reference path based on the same information. The controller predicts the future state and calculates the error against the reference path. The controller obtains a group of control outputs by solving optimally under the constraints. The first group of control outputs is employed in the vehicle. After that, new states are obtained, and the subsequent control is performed.




2.2. Predictive Model


A central part of model-predictive control is to have an accurate as well as computationally efficient system model. Therefore, the choice of using a kinematic model versus a dynamic model must take into account the desired balance between prediction accuracy and computational efficiency. When used as a prediction model, a kinematic model can calculate future states at a faster speed, which can improve the overall computation efficiency of the controller. However, when the vehicle speed is high, the prediction results may be inaccurate. On the other hand, a dynamic model used as a prediction model can produce more accurate prediction results. However, this would increase the computation time of the controller, and require additional input parameters, such as the vehicle’s acceleration and slip angle. These parameters are crucial in vehicle path tracking, but some of them cannot be directly measured by sensors, such as the slip angle. For example, Liu proposed a novel kinematic-model-based method for estimating vehicle slip angle (VSA) by combining information from GNSS and IMU to reduce the computation time and error of slip angle [25]. All these factors need to be considered when selecting a prediction model.



For underground mining operations, due to the width of the tunnel, road conditions, and safety reasons, vehicles are operated at low speeds, generally not more than 5 m/s. In this speed range, the kinematic model of the articulated vehicle can predict the future state with relative accuracy while ensuring real-time computational speed. Therefore, the nonlinear kinematic model of the articulated vehicle is used as the prediction model.



The kinematic model is depicted in the global coordinate   G  (  X ,   Y  )  ,   as shown in Figure 2. The front axle center is chosen as the vehicle state reference point. The derivation of the kinematic model of the articulated vehicle is given in the [19,26]. The vehicle’s nonlinear state-space system can be expressed as a matrix form:


   [      x ˙       y ˙           θ ˙       γ ˙          ]  =  [      cos θ    0          sin θ         sin γ    L f  cos γ +  L r         0           0         L r     L f  cos γ +  L r         1         ]   [     v     ω     ]   



(1)




where      [     x   y   θ   γ     ]   T    represents the vehicle’s state, x and  y  are the vehicle’s coordinate position,  θ  represents the heading angle,  γ  is the articulated angle between the front and rear bodies,      [     v   ω     ]   T    represent vehicle’s control inputs,  v  is the longitudinal speed,  ω  is the steering rate between two bodies, and    L f    and    L r    represent distances from the front and rear axle centers to the articulation point, respectively.



Assuming   χ =    [     x   y   θ   γ     ]   T    and   u =    [     v   ω     ]   T   , the system kinematics can be simply expressed as


   χ ˙  = f  (  χ , u  )   



(2)







In order to achieve the implementation of NMPC on a computer, the continuous nonlinear system is discretized using the Euler integrator:


  χ  (  k + 1  )  = χ  ( k )  + T f  (  χ  ( k )  , Δ u  ( k )   )   



(3)






  u  ( k )  = u  (  k − 1  )  + Δ u  ( k )   



(4)




where T is the time step of the discretization. Δu(k) is control inputs’ increment. Its introduction ensures that it remains within constraints during the solving process.




2.3. Controller Design


The NMPC controller aims to ensure that the vehicle can accurately follow the desired trajectory. Hence, the error between the predicted states and the reference path is as tiny as possible. In addition, smooth control also needs to be guaranteed, which means that changes in the control inputs should be minimized. Consequently, the cost function of the NMPC controller can be expressed as


  J  (  χ  ( t )  , Δ  U t   )  =   ∑   k = 1    N p    ‖  χ ^   (  t + k | t  )  −  χ  ref      (  t + k | t  ) ‖   Q 2  +   ∑   k = 0    N c    ‖ Δ u    (  t + k | t  ) ‖   R 2   



(5)




where    χ ^   (  t + k | t  )    represents the predicted state of the vehicle based on the current measured state,    χ  ref    (  t + k | t  )  =        [       x  ref    (  t + k | t  )       y  ref    (  t + k | t  )       θ  ref    (  t + k | t  )     0     ]   T    is the status information of the reference path,    N p    is the predictive time domain, and    N c    is the control time domain.  Q  is the weight matrix for tracking error,  R  is the weight matrix for control inputs’ increment, and both are the positive define matrices.



In order to achieve higher tracking accuracy and improve the stability of the closed-loop system [27], a terminal cost is proposed based on the above NMPC controller as follows:


  Z  (  χ  ( t )   )  = ‖  χ ^   (  t +  N p  | t  )  −  χ  ref      (  t +  N p  | t  ) ‖   P 2     



(6)




where  P  is the weight matrix for terminal cost.



In summary, the path tracking problem can be transformed into the MPC program presented in the following optimization problem:


        min   Δ  U *   ( t )    J  (  χ  ( t )  , Δ U  ( t )   )         =    ‖  χ ^   (  t +  N p  | t  )  −  χ  ref      (  t +  N p  | t  ) ‖   P 2  +    ∑   k = 1    N p     ‖  χ ^   (  t + k | t  )  −  χ  ref      (  t + k | t  ) ‖   Q 2       +       ∑   k = 0    N c     ‖ Δ u    (  t + k | t  ) ‖   R 2       



(7)




s.t.


   χ ^   (  0 | 0  )  = χ  ( 0 )   










   χ ^   (  t + 1 | t  )  =  χ ^  ( t | t ) + T f (  χ ^  ( t | t ) , Δ u ( t | t ) )    



(8)






  u  (  t | t  )  = u  (  t − 1 | t  )  + Δ u  (  t | t  )     



(9)






   γ  min   ≤ γ  (  t + k | t  )  ≤  γ  max   ,   k = 1 ,   2 ,   3 , … ,  N p     



(10)






   v  min   ≤ v  (  t + k | t  )  ≤  v  max   ,   k = 1 ,   2 ,   3 , … ,  N c     



(11)






   ω  min   ≤ v  (  t + k | t  )  ≤  ω  max   ,   k = 1 ,   2 ,   3 , … ,  N c     



(12)






  Δ  v  min   ≤ Δ v  (  t + k | t  )  ≤ Δ  v  max   ,   k = 0 ,   1 ,   2 ,   3 , … ,  N c     



(13)






  Δ  ω  min   ≤ Δ ω  (  t + k | t  )  ≤ Δ  ω  max   ,   k = 0 ,   1 ,   2 ,   3 , … ,  N c     



(14)




where    γ  min     and    γ  max     are the articulated angle physical limits,    v  min     and    v  max     are longitudinal velocity limits,    ω  min     and    ω  max     are the steering rate limits,   Δ  v  min     and   Δ  v  max     are longitudinal acceleration limits, and   Δ  ω  min     and   Δ  ω  max     are steering acceleration limits.



After the optimal solution, a sequence of control outputs can be obtained as follows:


  Δ  U *   ( t )  =    [  Δ  u *   (  t | t  )  ,    Δ   u *   (  t + 1 | t  )  ,   ⋯ ,    Δ   u *   (  t +  N c  | t  )   ]   T   



(15)







The first group of the solution is applied to the vehicle, which can be expressed as


  u  ( t )  = Δ  u *   (  t | t  )  + u  (  t − 1  )   



(16)







After applying the control inputs, the vehicle feeds back the current states again to correct states in the controller. NMPC performs a new round of predictive control based on the new reference path and the new states of the vehicle.





3. Lower-Level Controller


The control inputs from the upper-level controller are vehicle speed and steering rate, which are not the same as the vehicle’s actuation signals (engine throttle opening, brake command, and steering motor controller’s frequency). Hence, a lower-level controller is needed to convert the control information into actuator control signals.



3.1. Steering Controller


Controller Design


Figure 3 shows a schematic diagram of the articulated steering structure’s movement. Since the steering hydraulic cylinders are fixed on the front and rear body, respectively, the articulated angular speed can be calculated from the linear speed of the piston push rod in the hydraulic steering cylinder. Based on this, the hydraulic fluid flow into the hydraulic cylinder can be controlled to determine the articulated angular speed, which is the steering speed of the vehicle.



The lengths of the hydraulic steering cylinder on the left and right sides are


       L 1   L 2  =    r 2  +  R 2  − 2 r R cos (  Ω 0  + γ )          R 1   R 2  =    r 2  +  R 2  − 2 r R cos (  Ω 0  − γ )        



(17)




where   R = O  R 1   ,   r = O  R 2   ,    Ω 0  = ∠  L 0  O  L 2  = ∠  R 0  O  R 2   .



The force arm corresponding to the pushing force of the hydraulic cylinder is


   h  L 1   =   R r sin (  Ω 0  + γ )    L 1   L 2    ,      h  L 2   =   R r sin (  Ω 0  − γ )    R 1   R 2     



(18)







The expression for the relative linear velocity between the piston push rod in the cylinder and the piston cylinder is


    d  X L    d t   =  h  L 1    γ ˙  ,       d  X R    d t   =  h  L 2    γ ˙   



(19)




where    X L    and    X R    are the corresponding displacements of the piston rods in the left and right hydraulic cylinders, respectively.



The flow rates in the hydraulic cylinders on the left and right sides are


   Q L  =  A r    d  X L    d t   ,      Q R  =  A P    d  X R    d t    



(20)




where    A p    and    A r    are the practical cross-sectional areas of the rodless and rod chambers of the steering cylinder, respectively. As a result, the total flow provided by the steering valve should be


  Q =  Q L  +  Q R   



(21)







From this, the frequency required for the steering motor controller can be calculated by


  p u l s e =   360 ∗ Q ∗ s   1.8 ∗ η ∗ d    



(22)




where  s  is the motor subdivision (20 in this paper),  η  is the system efficiency (0.765, after experimental determination), and  d  is the steering valve displacement (  500   mL / r  ). We set   2000   Hz   as the maximum control command to obtain the normalized steering control command.


  c m d = p u l s e / 2000  



(23)







Based on this, the angular speeds at different articulated angles and control commands are shown in Figure 4, with the left turn on the left figure and the right turn on the right figure.





3.2. Driving Controller


3.2.1. Controller Design


Underground mining articulated vehicles have a multivariable coupling relationship between engine throttle opening and vehicle speed due to the presence of torque converters and frequent load changes in the daily duty cycle. Conventional control algorithms, such as the look-up table or PID control, cannot effectively cover all situations. Therefore, this experimental vehicle chooses the backpropagation (BP) neural network approach as the solution for vehicle speed control. As shown in Figure 5, the BP neural network contains three layers: the input layer, the hidden layer, and the output layer. In the preliminary experiments, a fact is found that the vehicle’s speed control is mainly influenced by three factors: the present speed of the vehicle, the engine throttle opening, and the load.



Consequently, the input layer contains the current vehicle speed, desired acceleration, and load weight. The output layer is the control command (engine throttle opening). The current speed is obtained by Global Positioning System (GPS). The desired acceleration is calculated from the current and desired speeds obtained from NMPC, as shown in Equation (24).


  a =    v  desired   −  v  current    T   



(24)




The load weight is calculated by the inertial measurement unit (IMU) data mounted on the vehicle’s rear body. The hidden layer uses five neurons, according to [28,29].



To obtain a sufficient neural network training dataset, the vehicle speed and acceleration are collected under different load cases with fixed and variable throttle input, as shown in Figure 6. The detailed conditions are as follows:




	
Load: no-load (  0    t   ), half-load (  3.5    t   ), full-load (  7    t   ).



	
Throttle commands:




	a.

	
Fixed:   10 % ,   20 % ,   30 % ,   40 % ,   50 % ,   60 % ,   70 % ,   80 % ,   90 % ,   100 %  ;




	b.

	
Varying (5 seconds step):   25 % → 50 % → 75 % → 100 %  ,   30 % → 60 % → 90 %  .














Data are collected five times for each condition. Thus, there are 180 sets of data.




3.2.2. Data Preprocessing


In the data preprocessing process, the rolling average filtering method is applied to remove the noise. The filter moves a window along the data and calculates the average of the data contained in each window. The following difference equation defines the moving average filter for vector  x .


    x ¯  i   ( n )  =    x i   ( n )  +  x i   (  n − 1  )  + … +  x i   (  n −  (  w s − 1  )   )    w s    



(25)




where   w s   is the window size of the rolling window. In this paper, the window size is chosen to be   100   because the velocity and acceleration data are acquired at a frequency of   100   Hz  . Further, the data used for training is normalized to eliminate the effect of the difference in magnitude, as shown in Equation (26).


    x ¯  i    ’   ( n )  =     x ¯  i   ( n )  −   x ¯  i     min       x ¯  i     max   −   x ¯  i     min      



(26)




where     x ¯  ’   ( n )    is the normalization result,     x ¯   max     is the maximum value in the sample, and     x ¯   min     is the minimum value in the sample.




3.2.3. Training


The activation function is chosen as a sigmoid function, as shown in Equation (27).


  s i g m o i d  ( z )  =  1  1 +  e  − z      



(27)







The mean square error (MSE) is chosen for the cost function in the training of the neural network, which can be expressed as


  E =  1 M    ∑   m = 1  M    ( y  ( m )  −  y ^   ( m )  )  2   



(28)




where M is the size of the sample data, and    y k    and     y ^  k    are the target value vector and the predicted value vector, respectively.



The stochastic gradient descent method is chosen for the training of the parameters.



The training process is shown in Algorithms 1 as follows.





	Algorithms 1: The neural network training process.



	Input: training set (control command: engine throttle opening)

Input: training set (speed, acceleration)

Input: parameters  λ , the learning rate  η , the number of iterations  S 



	  1: for   i = 0   to  S  do



	  2: calculate  E  for a small batch (number of samples   B ”   M  )



	  3: calculate     ∂ E   ∂ λ     by back-propagation



	  4:   Δ λ  (  i + 1  )  = Δ λ  ( i )  − η   ∂ E   ∂ λ    



	  5:   λ  (  i + 1  )  = λ  ( i )  + Δ λ  (  i + 1  )    update the parameters



	  6: end for



	  7: Return  λ ; return the trained parameters






After training, the neural network can be represented as


  N e t : v , a , L → c m d  



(29)




where   N e t   refers to the neural network.






4. Experimental Vehicle


Three types of articulated vehicles are commonly used in underground metal mining: articulated rock drills for rock mining, load haul dump for shoveling, and articulated dump trucks for transporting rock in the tunnels.



In this article, the experimental vehicle is an AJK207 articulated dump truck manufactured by Beijing Anchises Technologies Co., Ltd. (Beijing, China). The vehicle configuration is shown in Figure 7. The vehicle’s cab, engine, and transmission are mounted on the front body and transmit drive to the front and rear axles. The cargo box is mounted on the rear body and has a maximum load capacity of seven tons. The vehicle is steered by two hydraulic cylinders mounted at the left and right of the articulated center, thus allowing the vehicle to have a small turning radius and increasing the passage efficiency in underground tunnels. The specific parameters of the vehicle are shown in Table 1.



This articulated dump truck is designed for manual driving. Therefore, the wire control function is equipped before achieving autonomous driving, including steering-by-wire system and driving-by-wire system.



4.1. Steering-by-Wire System


As shown in Figure 8, the original steering method is to manually turn the steering wheel to drive the hydraulic steering valve mounted under the steering wheel (as shown in the orange box in Figure 8) to deliver hydraulic oil to the rod chamber of the left cylinder and the rodless chamber of the right cylinder to achieve left turn. The right turn supplies oil to the left cylinder’s rodless chamber and the right cylinder’s rod chamber. The vehicle’s oil pump is capable of pumping significantly more oil than the steering load, ensuring that the vehicle can be steered flexibly, which means that the vehicle can be steered by applying a small torque to the steering wheel. Based on this, the vehicle steering speed is determined only by the steering wheel rotation speed and current articulated angle.



In this paper, a stepper motor is used instead of human action. The stepper motor can control the angle and speed of its own rotation. The stepper motor is connected to a hydraulic steering valve identical to the original one (in the blue box in Figure 8). Similar to the steering wheel, when the motor rotates clockwise, the steering gear supplies oil to the left cylinder’s rod chamber and the right cylinder’s rodless chamber to achieve a left turn. In contrast, for a right turn, the motor rotates counterclockwise and supplies oil to the left cylinder’s rodless chamber and the right cylinder’s rod chamber.



The new steering valve is connected in parallel with the original one through a hydraulic valve block to ensure both the autonomous driving controller and the manual control. The actual vehicle installation of the newly equipped steering-by-wire system for is shown in Figure 9. The system includes a motor with a controller, a hydraulic steering valve, a parallel hydraulic valve block, and four pressure sensors.




4.2. Driving-by-Wire System


The original throttle system is controlled by a hydraulic cylinder through a foot valve, which pushes a lever on the engine to control the throttle opening. An electronically controlled relief valve is equipped between the foot valve and the hydraulic cylinder for autonomous driving, as shown in Figure 10.



The original braking system already contains solenoid valves, which control the valves’ opening to achieve different braking efforts. Therefore, the vehicle’s braking can be controlled electronically by connecting the solenoid valve to the autonomous driving controller.




4.3. Sensors and Controllers


Figure 11 shows the installation layout of vehicle sensors and controllers in the actual vehicle test. An IMU and GPS fusion sensor, IFS2000, is equipped above the cab of the vehicle’s front body with an RTK positioning accuracy of 10 mm. The abovementioned steering-by-wire system is mounted on the right frame of the front body. KTGJ-CAN-S, the angle sensor, is mounted on the articulated center and used to measure the angle between the front and rear car body at 1000 Hz. On the rear body frame are SC12-20K gear speed sensor and XW-IMU5251F02 IMU, which measure the rear axle rotation speed and rear body acceleration, respectively. In addition, tire pressure sensors are installed on each wheel.



For controllers, an automated driving control unit (ADCU), EAXVA04, serves as an intelligent computing platform to receive and compute-intensive sensor data and perform fusion work, in which the path planning controller and path tracking controller are also integrated. The vehicle control unit (VCU), model EV2274A, acts as a controller to receive control outputs from the ADCU and convert them into control signals for each actuator.



The hardware architecture and communication between sensors, controllers, and actuators are shown in Figure 12. The GPS and IMU of front and rear vehicles input information to ADCU through the RS232 serial port. The ADCU receives information from the angle sensor, odometer, and tire pressure sensor through the CAN bus. The ADCU and VCU communicate with each other through the CAN bus. The VCU receives analog signals from the hydraulic pressure sensors. In addition, the VCU sends PWM waves to the steering motor controller, throttle actuator, brake actuator, and other actuators (e.g., dumping system and parking system).





5. Field Testing


5.1. Lower-Level Controller Verification


5.1.1. Steering Controller Verification


The articulated angular speed tracking experiments are performed under no-load and full-load conditions to verify the proposed steering controller. The reference articulated angular speed is a sinusoidal curve with a period of   T = 8   s   and an amplitude of   8   degrees  . The result indicates that the steering controller enables the vehicle to accurately track the desired articulated angular speed, as shown in Figure 13.




5.1.2. Driving Controller Verification


To validate the trained neural network, the speed tracking experiments are carried out under no-load and full-load conditions, respectively. In the experiments, the step desired speeds of   1   m / s  ,   2   m / s  , and   3   m / s   are given every five seconds. The experimental results are shown in Figure 14, where the vehicle tracks at the desired speed in a shorter time and maintains it afterward. In addition, it should be noted that the controller has undershoot performance at a desired speed of 1 m/s and some overshoot performance at a desired speed of 3 m/s. This is due to the fact that the entire drive system (including the extended engine, torque converter, and transmission) is a nonlinear system.





5.2. Integrated Path Tracking Controller Testing


In order to investigate the performance of the NMPC path tracking controller, the path tracking experiment of the articulated dump truck on a paved road is performed. As shown in Figure 15, the path tracking control system can be divided into three major subsystems: the vehicle (including sensors and actuators), the upper-level controller containing an extended Kalman filter (EKF) fusion positioning module and an NMPC path tracking controller, and the lower-level controller including load calculation module, the driving controller, and steering controller.



During the experiment, the vehicle’s GPS and front IMU provide the vehicle’s latitude, longitude, and heading in the geodetic coordinate system to the reference path module in the upper-level controller. The module outputs the local reference path for the NMPC path tracking controller. Meanwhile, the EKF module fuses the GPS and IMU data to calculate and output the vehicle status (the coordinates in the vehicle body coordinate system, the heading angle, and the current speed of the vehicle). The NMPC path tracking controller collects the data and computes the vehicle’s following control outputs (desired speed and desired steering rate). The upper-level controller broadcasts the outputs to the lower-level controller via the CAN bus. The load calculation module in the lower-level controller calculates the vehicle load based on the data from the IMU on the rear body and transmits the data to the driving controller. The driving and steering controllers in the lower-level control calculate the corresponding control commands and forward them to the vehicle’s actuators, respectively. After implying the commands, the sensors collect new information and perform the next tracking cycle.



5.2.1. Pre-Experiment


With narrow roads and complex road conditions in the underground tunnels, surface experiments are conducted at the vehicle’s manufacturing factory in order to ensure safety. The experimental site is shown in Figure 16, and the maximum available road width is 10 m. The width is similar to the roadway path of the underground metal mine.



In this width condition, vehicle meeting and obstacle avoidance happen frequently. Therefore, a single shift line is selected as the reference path. Road cones are placed as a reference, as shown in Figure 17. The path is divided into three longitudinal sections of   10   m   each, with the first   10   m   being the acceleration section, the middle   10   m   being the shift line section, and the subsequent section to ensure the vehicle is driven straight. The lateral spacing of the shift line section is set to   4.8   m  .



Before path tracking, a speed test with artificial driving is performed. It is designed to identify the maximum speed that can be driven under this path so that the path tracking experiment can avoid dangerous conditions such as a rollover.



As shown in Figure 18, three drivers participated in the experiment, and each driver drives ten times at the highest speed according to the reference path based on their driving ability. The highest speed is taken as the result.



The results are shown in Figure 19. The maximum speed after one drive is   1   m / s  . After five drives, the maximum speed is   1.3   m / s  . After ten drives, the maximum speed is   2.1   m / s  .




5.2.2. Tracking Result


According to the pre-experiment results, the reference speed is set to   1   m / s   and   2   m / s  . The controller is tested under each reference speed and unloaded condition, respectively. The parameters of the integrated path tracking controller in the experiment are shown in Table 2. The parameters are chosen based on the summary of numerous experimental results. According to Equation (7), the larger    N p    has a minor overall error between the tracking path and the reference path, but the error becomes more significant in the path in which the curvature changes significantly, and an excessive    N p    leads to computational stress. Similarly, the error is smaller when    N c    gradually increases to    N p   , but an oversized    N c    causes more computational stress than excessive    N p   . Therefore, according to the experimental experience,    N p    is chosen to be 20 and    N c    to be 10. Q,  R , and  P  are mainly responsible for adjusting the weight values among the cost functions to make them consistent in scale. However, an overly large weight will increase the computational load. Thus, they should be as small as possible without exceeding the minimum accuracy of the solver. The weights in the table are based on the experimental results to obtain the optimal relative values. CasADi is used as nonlinear optimization algorithm in this paper [15].



(a) Path Tracking Results at 1 m/s.



The experimental results are shown in Figure 20. The blue curve represents the controller with traditional NMPC, and the red curve represents the controller with NMPC with terminal cost. The results show that the integrated controller with both traditional NMPC and proposed NMPC can make the vehicle track the path. In the case of the traditional NMPC, the peak lateral error is 0.0518 m, and the peak heading angle error is 0.0659 rad. At the proposed NMPC, the peak lateral error is   0.0358   m ,   and the peak heading angle error is 0.0547 rad. It is evident that the NMPC controller with terminal cost can increase tracking accuracy and stabilize earlier. At the same time, in both cases, the vehicle speed is well controlled at the reference speed, and both the speed and the articulated angular speed change smoothly. The calculation time of the controller is concentrated on   0.08   s   to   0.09   s  , and only a little exceeds   0.1   s   (the time interval of the controller); however, the computation time of NMPC with the terminal cost is slightly higher than that of traditional NMPC.



In summary, the integrated path tracking controller can ensure the vehicle path tracking at   1   m / s   within reasonable accuracy.



(b) Path Tracking Results at 2 m/s.



The results show that both controllers can make the vehicle track the path. As shown in Figure 21, the peak lateral error is   0.1351    m  ,   and the peak heading angle error is   0.1014    rad    under traditional NMPC. For the proposed NMPC, the peak lateral error is   0.0858   m  , and the peak heading angle error is   0.0740    rad   . However, each peak error increases slightly compared to the reference speed of   1   m / s  . In addition, the lateral error in the traditional NMPC is slightly larger than that in the proposed NMPC case at the exact coordinates during the entire path tracking process. In both cases, the vehicle velocity is well controlled at the reference speed. Both the velocity and the steering rate are smooth. The computation time of the controller is concentrated around   0.09    s   , only very few times exceed   0.1   s, which had no impact on the actual control; however, the computation time increases compared with the tracking result of 1 m/s.



In summary, the NMPC controller can guarantee vehicle path tracking at   2    m  / s  . As the velocity increases, however, the tracking error increases slightly, and the computation time rises marginally.






6. Conclusions


This paper introduces an integrated path controller consisting of an upper-level controller and a lower-level controller. The upper-level controller is the NMPC with a terminal-cost state tracking controller, which provides the upcoming longitudinal velocity and steering rate for path tracking. To meet the requirements of the upper-level controller, a lower-level controller is proposed, which includes a steering controller and a driving controller.



Verification experiments were conducted to validate the lower-level controller. The results demonstrate that the lower-level controller can accurately and rapidly achieve the desired longitudinal velocity and steering rate.



Path tracking experiments on a single shift line were performed using the integrated controller. The results indicate that the vehicles can precisely follow the reference path at different reference velocities. However, the controller with the terminal cost is more accurate and stable. The controllers’ solution times are all guaranteed to be less than the control time interval. However, as the reference velocity increases, both the peak lateral error and the peak heading angle error increase, and the solution time of the controller also increases.



This paper presents several significant contributions in the field of vehicle path tracking control.



(1) A novel method for controlling the articulated angular speed of the vehicle is proposed. Specifically, a stepper-motor-controlled fully hydraulic steering gear is employed to achieve wire control. Compared with the traditional solenoid-proportional directional valve, this control method exhibits no dead zone of steering speed, thus enabling the controller to achieve smaller steering speed. Furthermore, the coupling relationship between the engine, hydraulic oil pump, and solenoid proportional directional valve is decoupled, leading to simpler and more accurate steering control.



(2) A driving controller is developed using a BP neural network approach. The proposed controller is capable of ensuring that the vehicle can meet desired speeds for different loadings, surpassing other drive control algorithms in terms of performance.



(3) A terminal penalty cost is introduced into the NMPC controller, which significantly enhances the stability of the controller and reduces path tracking errors. Building upon this study, future research will focus on improving the stability and robustness of the NMPC. Additionally, machine learning algorithms will be utilized to enhance the prediction model’s accuracy and adaptability.
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Figure 1. Diagram of the NMPC path tracking process. 
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Figure 2. Kinematic model of underground mining articulated vehicle. 
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Figure 3. Articulated steering structure motion sketch. 
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Figure 4. Relationship between articulated angle, control command, and articulated angular speed: (a) left turn; (b) right turn. 
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Figure 5. Neural networks for speed control. 
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Figure 6. Articulated dump truck with no-load condition and full-load condition: (a) no load; (b) full load. 
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Figure 7. Articulated dump truck configuration. 
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Figure 8. Steering-by-wire system hydraulic schematic. 
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Figure 9. Steering-by-wire system on vehicle. 
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Figure 10. Driving-by-wire system. 
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Figure 11. The installation layout of sensors and controllers on the vehicle body. 
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Figure 12. The layout of hardware architecture and communication. 
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Figure 13. Experimental verification results of steering controller: (a) no load; (b) full load. 
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Figure 14. Experimental verification results of driving controller: (a) no load; (b) full load. 
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Figure 15. Diagram of articulated dump truck path tracking system. 
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Figure 16. Path tracking experimental site: (a) top view of the site; (b) road surface of the site. 
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Figure 17. Diagram of artificial reference cones’ placement. 
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Figure 18. Three drivers in the maximum speed test: (a) 1st driver; (b) 2nd driver; (c) 3rd driver. 
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Figure 19. Speed test results: (a) path comparison results; (b) velocity comparison results. 
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Figure 20. Path tracking results at 1 m/s: (a) path comparison results; (b) lateral error and heading error comparison results; (c) computation time comparison results; (d) control inputs comparison results. 
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Figure 21. Path tracking results at 2 m/s: (a) path comparison results; (b) lateral error and heading error comparison results; (c) computation time comparison results; (d) control inputs comparison results. 
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Table 1. Major parameters of the articulated dump truck.
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Major Parameters

	
Unit

	
Value






	
Overall vehicle mass

	
Kg

	
7400




	
Maximum load capacity

	
Kg

	
7000




	
Maximum folding angle

	
deg

	
±42




	
Length from front axle to articulated center

	
mm

	
1620




	
Length from rear axle to articulated center

	
mm

	
1923




	
Inside steering radius

	
mm

	
3955




	
Outer steering radius

	
mm

	
5850




	
Tire rolling radius

	
mm

	
519




	
Wheelbase

	
mm

	
1322




	
Engine

	
DEUTZ-F6L914




	
Integrated torque converter transmission:

	
DANA-1201FT20000
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Table 2. Parameters of NMPC path tracking controller.
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	Parameters
	Value





	    N p    
	20



	    N c    
	   10   



	  T  
	   0.1    s    



	  P  
	   diag  (  0.1 ,   0.1 ,   0.5 ,   0  )  ∈  ℝ  4 × 4     



	  Q  
	   diag  (  0.01 ,   0.01 ,   0.05 ,   0  )  ∈  ℝ  4 × 4     



	  R  
	   diag  (  0.01 ,   0.01  )  ∈  ℝ  2 × 2     



	    γ  min   ,    γ  max     
	   − 0.73    rad  ,   0.73    rad    



	    v  min   ,    v  max     
	   0    m  / s ,   4    m  / s   



	    ω  min   ,      ω    max     
	   − 0.17    rad  / s ,   0.17    rad  / s   



	   Δ  v  min   ,   Δ  v  max     
	   − 0.3 m /  s 2  ,   0.3    m  /  s 2    



	   Δ  ω  min   ,   Δ  ω  max     
	   − 0.17    rad  /  s 2  ,   0.17    rad  /  s 2    
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