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Abstract: Combined with the characteristics of the distributed-drive electric vehicle and direct yaw moment control, a double-layer structure direct yaw moment controller is designed. The upper additional yaw moment controller is constructed based on model predictive control. Aiming at minimizing the utilization rate of tire adhesion and constrained by the working characteristics of motor system and brake system, a quadratic programming active set was designed to optimize the distribution of additional yaw moments. The road surface adhesion coefficient has a great impact on the reliability of direct yaw moment control, for which joint observer of vehicle state parameters and road surface parameters is designed by using unscented Kalman filter algorithm, which correlates vehicle state observer and road surface parameter observer to form closed-loop feedback correction. The results show that compared to the “feedforward + feedback” control, the vehicle’s error of yaw rate and sideslip angle by the model predictive control is smaller, which can improve the vehicle stability effectively. In addition, according to the results of the docking road simulation test, the joint observer of vehicle state and road surface parameters can improve the adaptability of the vehicle stability controller to the road conditions with variable adhesion coefficients.
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1  Introduction

When the vehicle is sharp turning at high speed, the limited tire adhesion force cannot provide enough lateral force, which will lead to the tire lateral force exceeding the adhesion limit and cause rollover and sideslip. For vehicle instability in extreme conditions, the researchers put forward the direct yaw moment control strategy. The control strategy adjusts the driving and brake torque of each wheel on basis of the current vehicle state for producing the yaw moment to improve the vehicle stability. So the yaw rate and sideslip angle of the vehicle can be controlled within the scope of the stability to maintain the vehicle stability. Distributed-drive electric vehicle which has the flexible driving form creates the ideal conditions for vehicle stability control. But compared with the traditional fuel vehicles, the complexity in the dynamic characteristics, actuator response characteristics and the actuator of distributed-drive electric vehicles are increased. For the stability control system of distributed-drive electric vehicle, we need to conduct specialized research.

According to the structure of the control system, the vehicle stability control system can be divided into the centralized vehicle stability controller and the hierarchical vehicle stability controller. The hierarchical controller can realize the decoupling between different systems, improve the transient control performance of each systems and reduce the controller complexity [1]. The commonly used algorithms include proportional integral and differential control (PID), fuzzy logic control, robust control, sliding mode control, model predictive control and so on.

Wang et al. [2] proposed a stability control method based on integral separation PID. At the beginning and end of the control, the PID controller does not consider the integral term, so as to eliminate integral accumulation error of control system. The controller can also determine the parameters of the PID controller based on the road adhesion coefficient by using logical threshold control. Zhai et al. [3] proposed a vehicle stability control method based on fuzzy PID. According to the phase plane method to determine the stable state of the vehicle, the upper level controller included a speed tracking controller, a yaw moment controller, and four wheel-slip controllers. The speed tracking controller adopted PID algorithm to calculate the desired value of traction force to follow the expected speed. The yaw moment controller used the fuzzy PID algorithm to calculate the additional yaw moment. However, the use of PID algorithm cannot guarantee the optimal or stability control for system [4].

Boada et al. [5] proposed a vehicle stability control method based on fuzzy logic control, and adopted the average maximum membership method to solve the fuzzy and determine the additional yaw moment. Zhao et al. [6] and Xiao et al. [7] proposed a vehicle stability control method based on T-S fuzzy theory. The nonlinear three-degrees-of-freedom vehicle dynamics model is transformed into a T-S fuzzy model with four linear subsystems, and a feedback controller of Parallel Distributed Compensation (PDC) framework are designed for each subsystem. Linear Matrix Inequality (LMI) technology is adopted to solve the pole placement of each controller. The feedback gains were transformed into the nonlinear vehicle model through PDC. However, the control rules of fuzzy control are based on a large number of experiments and expert experience, which need to be adjusted at any time with the changes of driving environment. So the time cost and economic cost are relatively high in the process of establishment.

Considering tire saturation characteristics, Chilali et al. [8] studied the longitudinal and lateral coupling dynamics control strategy of four-wheel-driving electric vehicles through the active front wheel steering and yaw moment control system, and used the 
H∞
robust controller to make decisions on the expected yaw moment and front wheel Angle. Yin [9] and Peng et al. [10] created a robust controller for a four-wheel steering (4WS) vehicle via structured singular value theory (
μ
), which enables the vehicle to maintain lateral stability under uncertain disturbances such as tire load fluctuation and speed change. This controller also can maintain good robustness against disturbances in a wider frequency range.

Demirci et al. [11] constructed a layered structure stability control system, including the top layer as the expected yaw moment observation layer based on sliding mode control, the middle layer as the yaw moment adaptive optimization distribution layer, and the bottom layer as the implementation layer of the execution system. Chen et al. [12] designed a stability controller for four-wheel steering vehicles based on the sliding mode control algorithm in consideration of the existence of uncertain interference during vehicle operation. Wang et al. [13] proposed a sliding mode robust controller to improve the operation stability on the sliding mode surface and forced the system static volume to run to the target state with a specific track. Meanwhile, the sliding mode controller switched the size and symbol of the controlling variable in line with the system state and deviation. However, the disadvantage of the sliding mode algorithm is that buffeting occurs when the system approaches the sliding mode surface and buffeting can only be reduced and cannot be eliminated.

Barbarisi et al. [14] realized stability control via the differential braking method and established multi-input and multi-output stability control system via the Linear Time Varying-Model Predictive Control theory (LTV-MPC). Falcone et al. [15] selected respectively four-wheel vehicle model and two-degree-of-freedom vehicle model as prediction models for emergency obstacle avoidance and double lane change conditions and proposed a vehicle stability control system based on model predictive control, which was realized by differential braking and active steering. The simulation results show that the system can realize the combination of braking and steering in a short time. Jalali et al. [16] proposed an integrated model predictive vehicle stability controller, which includes a double-track vehicle model and a wheel dynamics model. This controller does not require a separate wheel slip rate control module, thus achieving the integration of stability control and slip rate control module. Under the limitation of motor torque capacity and tire force, with continuous rolling optimization, the controller can better control the tire skid rate. Guo et al. [17] proposed a real-time nonlinear predictive control model to calculate additional yaw moments. The improved continuation/generalized minimal residual algorithm is adopted for the real-time optimization of the model, and the external penalty method is introduced to transform inequality constraints into equivalent function optimization problems, which greatly reduces the computational burden of the nonlinear prediction model.

All in all, compared with the robust control, fuzzy control, neural network and other control theory, model predictive control algorithm is more receptive. Through feedback loop optimization approach MPC can realize control target and the continuous control of controlled object. Therefore, this paper studies the hierarchical structure direct yaw moment controller based on MPC to get better vehicle stability. Considering the influence of road adhesion coefficient on stability control system, a joint observer of vehicle state parameters and road surface parameters is also studied.

The contributions of this paper are as follows: (1) Based on the trackless Kalman filter algorithm, a joint observer is designed to monitor the vehicle state parameters and road parameters in real time. (2) A hierarchical structure direct yaw moment controller is designed. The upper layer proposes the decision of additional yaw moment based on the model predictive control method and the lower layer distributes the torque between wheels based on the quadratic programming set method.

The organization of this paper is as follows: Section 2 introduces the structure of direct yaw moment controller. Section 3 designs the joint observer of vehicle state parameters and road parameters. Section 4 constructs the direct yaw moment controller. Section 5 carries on the control strategy simulation verification. Finally, conclusions of this research and future works are given in Section 6.

2  Framework of DYC System for the Distributed-Drive Electric Vehicle

As is shown in Fig. 1, this paper designs the double-layer direct yaw moment control system. In order to facilitate the functions update and the sub-controller extension, this paper adopts the hierarchical control structure for the controller. The stability control system of the distributed-drive electric vehicle consists of the upper layer controller—additional yaw moment decision layer and the lower layer controller—additional yaw moment distribution layer.
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Figure 1: Structure diagram of double-layer direct yaw moment controller

The upper layer controller includes vehicle state parameter estimator model based on dual unscented Kalman filter, stability control reference model, longitudinal driving force controller and additional yaw moment decision model. The upper layer controller calculated the steady-state yaw rate 
wrd
and sideslip angle 
βd
under the current speed 
vx
and steering angle 
δ
by using the linear 2-DOF vehicle dynamic model. The actual yaw rate and the sideslip angle are observed by using the vehicle yaw rate sensor and the joint observer. For further, the error between the measured values and the steady state value of the yaw rate and the sideslip angle 
ewr=wr−wrd
, 
eβ=β−βd
are selected as the upper controller input to calculate the additional yaw moment for maintaining the vehicle steady state. The lower layer controller takes the tire adhesion utilization ratio as the optimization goal, motor system, brake system and tire adhesion limit as the constraints, the additional yaw moment output by the upper controller is optimized distribution. The hub motor adjusted the torque on the basis of the optimized torque of the lower controller, so as to formed a direct yaw moment acting on the vehicle and further restore the stability of the vehicle.

3  Joint Observer Based on the Dual Unscented Kalman Filter

Accurate acquisition of vehicle state information can improve the control effect of vehicle stability controller. The vehicle stability control strategy usually takes the yaw rate and the sideslip angle as the control targets. Yaw rate represents the vehicle’s steering dynamic characteristics and the sideslip angle reflects the vehicle’s driving trajectory. The yaw rate can be directly collected by the gyroscope. But the direct measurement of the vehicle sideslip angle is more difficult. Meanwhile, the road parameters also limit the reference yaw rate and sideslip angle. Consider the above two reasons, a joint observer of vehicle state parameters and road parameters is designed based on UKF which has good adaptability to nonlinear system.

3.1 The Dynamic Model Used in the Dual UKF Joint Observer

As shown in Fig. 3, the joint observer is constructed based on dual unscented Kalman filter based on the 3-DoF vehicle model [18–20]. The joint observer is composed of a vehicle state observer and a road parameter observer in parallel. The observation process is shown in Fig. 2. The observation process of vehicle state and road surface parameters is composed of the vehicle state time update, road parameters time update, vehicle state measurement update and the road parameters measurement update [21–23]. In every moment, vehicle state and the pavement parameters variables constitute a closed-loop feedback to each other in the process of observation, making the parameters estimation of the vehicle status and road synchronously.
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Figure 2: Flow chart of the vehicle DUKF joint observer
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Figure 3: 3-DoF vehicle dynamic model

According to the vehicle dynamic model, the dynamic equations of longitudinal, lateral and yaw motion of the vehicle can be obtained [24]:


ax=v˙x+ωrvy=FYm
(1)


ay=v˙y−ωrvx=FXm
(2)


ω˙r=MZIZ
(3)

In the formula


FX=Fxrl+Fxrr+(Fxfr+Fxfl)cos⁡δ−(Fyfr+Fyfl)sin⁡δ
(4)


FY=(Fxfl+Fxfr)sin⁡δ+(Fyfl+Fyfr)cos⁡δ+Fyrl+Fyrr
(5)


Mz=aFxflsin⁡δ−12cFxflcos⁡δ+12cFyflsin⁡δ+aFyflcos⁡δ+12cFxfrcos⁡δ+aFxfrsin⁡δ+aFyfrcos⁡δ−12cFyfrsin⁡δ−bFyrl−bFyrr−12cFxrl+12cFxrr
(6)

According to the magic tire model [25], the longitudinal and lateral force of each wheel 
Fxij
, 
Fyij
:


Fxij=μijFzijζijsin⁡(Cxtan−1(Bxsij))
(7)


Fyij=μijFzijζijsin⁡(Cytan−1(Byαij))
(8)


sij=reωij−vxijmax(reωij,vxij)
(9)


αfl,fr=−δ+arctan⁡(ωra+vyvx∓12ωrc)
(10)


αrl,rr=arctan⁡(−ωrb+vyvx∓12ωrc)
(11)

where, 
μij
is road adhesion coefficient, 
sij
is wheel slip rate, 
αij
is tire slip angle, 
re
is wheel radius, 
ωij
is wheel speed, 
vxij
is wheel longitudinal speed [26].


vxfl,xfr=(ωra+vy)sin⁡δ∓(12ωrc−vx)cos⁡δ
(12)


vxrl,xrr=vx∓c2ωr
(13)

The vertical load of each wheel is as follows [27]:


Fzfl,zfr=1L(∓bhgmayc−hgmax2+bmg2)
(14)


Fzrl,zrr=1L(∓ahgmayc+hgmax2+amg2)
(15)

where, 
hg
is the height of the center of mass to ground, 
Fzfl
, 
Fzfr
, 
Fzrl
, 
Fzrr
is the vertical load of left front wheel, right front wheel, left rear wheel and right rear wheel.

In the joint observer, vehicle state vector 
xs
consists of vehicle longitudinal speed 
vx
, lateral speed 
vy
and the yaw rate 
ωr
.


xks=(vx,vy,ωr)T
(16)

The input vector 
u
is composed of steering wheel angle 
δ
and wheel speed 
ωij
, as follows:


u=(δ,ωlf,ωlr,ωrf,ωrr)T
(17)

The measurement vector consists of vehicle longitudinal acceleration 
ax
, lateral acceleration 
ay
and the yaw rate 
ωr
:


zs=(ax,ay,ωr)T
(18)


xp
is the road surface parameters vector of the joint observer:


xp=(μfl,μfr,μrl,μrr)T
(19)

According to the 3-DOF vehicle dynamics model and the magic tire model, the nonlinear vehicle state observation equation can be obtained:


xks=f(xk−1s,uk−1;xk−1p)+vk−1zks=h(xks;xkp)+wk−1
(20)

In the sampling time 
Ts
, the state equation 
f(⋅)
and measurement equation 
h(⋅)
can be expressed as discrete system:


{f1=(FX(k−1)m+vy(k−1)⋅ωr(k−1))⋅Ts+vx(k−1)f2=(FY(k−1)m−vx(k−1)⋅ωr(k−1))⋅Ts+vy(k−1)f3=MZIZ⋅Ts+ωr(k−1)
(21)


{h1=FX(k−1)mh2=FY(k−1)mh3=ωr(k)
(22)

The vehicle sideslip angle could be calculated by the longitudinal speed and lateral speed.


β(k)=arctan⁡(vy(k−1)/vx(k−1))
(23)

The observation equation and state equation of road surface parameters observer is:


{xkp=xk−1p+εk−1zkp=h(f(xk−1s,uk−1;xkp);xkp)+ρk
(24)

In the formula, 
εk−1
is system noise of the road parameter observer, 
ρk
is measurement noise.

3.2 Construction of Dual UKF Joint Observer

(1) Establish initial 2n + 1 sigma point set 
χ(i),k|k−1
of the vehicle state parameter:


{χ(i)=x¯k−1|k−1s,i=0χ(i)=x¯sk−1|k−1−(n+λs)Pk−1|k−1s,i=1:nχ(i)=x¯sk−1|k−1−(n+λs)Pk−1|k−1s,i=n+1:2n
(25)

where, 
Ps
and 
x¯s
are variance and mean of the vehicle state parameter 
xs
.

Weight of sigma sampling point set’s is as follows:


{W(0)m=λ/(n+λs)W(0)c=λ/(n+λs)+(1−as2+βs)W(i)m=W(i)c=12(n+λs),i=1:2nλs=as2(n+ks)−n
(26)

(2) Vehicle state parameters time update: Calculate the one step predicted sigma points according to the state transfer function 
f(⋅)
and the sigma point set at time k – 1.


χ(i),k|k−1=f(χ(i),k−1|k−1,uk−1,x^k−1p)
(27)

Calculate the predicted value and covariance matrix according to the set of predicted sampling points:


x^sk|k−1=∑i=02nW(i)mχ(i),k|k−1
(28)


Pk|k−1s=∑i=02nW(i)c(x^sk|k−1−χ(i)k|k−1)(x^sk|k−1−χ(i)k|k−1)T+Qs
(29)

where, 
Qs
is the covariance matrix of the vehicle state observation system noise.

(3) Establish the initial sigma point set 
θ(i),k|k−1
of the road parameters:


{θ(i)=x¯k−1|k−1p,i=0θ(i)=x¯pk−1|k−1−(L+λp)Px¯,k−1|k−1p,i=1:Lθ(i)=x¯pk−1|k−1−(L+λp)Px¯,k−1|k−1p,i=L+1:2L
(30)

where, 
PP
and 
x¯p
are the variance and mean value of the road parameters 
xp
.

Weight of sigma sampling point set’s is as follows:


{Ω(0)m=λp/(L+λp)Ω(0)c=λp/(L+λp)+(1−ap2+βp)Ω(i)m=Ω(i)c=12(L+λp),i=1:2LλP=aP2(L+kP)−L
(31)

(4) Road parameters time update: calculate the one step predicted Road parameters.


x^pk|k−1=x^pk−1|k−1
(32)

Update the parameter prediction error covariance matrix.


Pk|k−1p=Pk−1|k−1p+Qp
(33)

where, 
Qp
is the covariance matrix of the vehicle state parameters observation system noise.

(5) Vehicle state measurement update:


z(i),k|k−1s=h(χ(i),k|k−1,uk,x^k|k−1p)
(34)


z^k|k−1s=∑i=02LW(i)mz(i),k|k−1s
(35)

Calculate covariance matrix of the vehicle state observation information:


Pzz,k|k−1s=∑i=02nW(i)c(z^sk|k−1−z(i),k|k−1)(z^sk|k−1−z(i),k|k−1)T+Rs
(36)

Calculate cross covariance matrix of the vehicle state observation information:


Pzx,k|k−1s=∑i=02nW(i)c(z^sk|k−1−z(i),k|k−1s)(x^sk|k−1−χ(i),k|k−1)T
(37)

(6) Road parameters measurement update:


z(i),k|k−1p=f(h(χ(i),k−1|k−1,uk−1,x^k|k−1p),uk,θ(i),k|k−1)
(38)


z^k|k−1p=∑i=02LΩimzi,k|k−1p
(39)

Calculate covariance matrix of the road parameters observation information:


Pzz,k|k−1p=∑i=02nΩ(i)c(z^pk|k−1−z(i),k|k−1)(z^pk|k−1−z(i),k|k−1)T+Rp
(40)

Calculate cross covariance matrix of the road parameters observation:


Pzx,k|k−1p=∑i=02nΩ(i)c(z^pk|k−1−z(i),k|k−1s)(x^pk|k−1−θ(i),k|k−1)T
(41)

(7) Calculate the Kalman filter gain matric 
Ks
of the vehicle state parameters observer:


Ks=Pzx,k|k−1s(Pzz,k|k−1s)−1
(42)

Calculate the optimal estimation of vehicle state parameters based on the vector of vehicle state parameters 
x^k|k−1s
:


x^k|ks=x^k|k−1s+Ks(zks−z^k|k−1s)
(43)

Update the covariance matrix of the vehicle state parameters error:


Pk|ks=Pk|k−1s−KsPzz,k|k−1sKsT
(44)

(8) Calculate the Kalman filter gain matric 
Kp
of road parameters observer:


Kp=Pzx,k|k−1p(Pzz,k|k−1p)−1
(45)

Calculate the optimal estimation of the road parameters vector 
x^k|k−1p
at this moment:


x^k|kp=x^k|k−1p+Kp(zkp−z^k|k−1p)
(46)

Update covariance matrix of the road parameters error:


Pk|kp=Pk|k−1p−KpPzz,k|k−1pKpT
(47)

Let k = K + 1 repeat the above steps to realize the joint observation of vehicle state and road parameters.

4  Design of the Direct Yaw Moment Controller

4.1 Additional Yaw Moment Decision Model Based on Model Predictive Control

4.1.1 Reference Model Based on Linear 2-DoF Vehicle Model

The 2-DoF vehicle model can well describe the steady-state characteristics of the vehicle. Therefore, the yaw rate and the sideslip angle under the stable operating condition are selected as the control targets of the controller in this paper. The linear 2-DOF model is shown in Fig. 4.
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Figure 4: Linear 2-DOF reference model

The vehicle differential equation is as follows:


m(ωrvx+v˙y)=ωrvx(−bk2+ak1)−k1δ+(k1+k2)β
(48)


ω˙rIz=β(ak1−bk2)−ak1δ+ωrvx(k1a2+k2b2)
(49)

When vehicle is in the steady state, 
v˙y=0
and 
ω˙r=0
, and substituting into the above equation, we can get:


ωrd=δvxL+mvx2(ak1−bk2)Lk1k2
(50)


βd=(b+maLk2L−m(ak1+bk2)vx2Lk1k2)δvx2
(51)

When the vehicle is driving on the low adhesion coefficient road, such as rain, snow and sands, the adhesion force provided by the road adhesion condition is small, which cannot produce the high yaw rate required by the vehicle in the stable state. Therefore, when the vehicle linear 2-DOF model is selected as the reference model, the reference yaw rate and sideslip angle must be limited by the tire and road adhesion coefficient.

The upper boundary of the reference yaw rate is:


ωrupper_bound=0.85μgu
(52)

Therefore, the reference yaw rate is:


ωrref={ωrd|ωrd|≤|ωrupper_bound|ωrupper_boundsgn(ωrdes)|ωrd|>|ωrupper_bound|
(53)

The upper bound of the reference sideslip angle must be specified. This paper adopts empirical formula (54) as the upper boundary of the sideslip angle,


βupper_bound=tan−1(0.02μg)
(54)

Therefore, the reference sideslip angle is:


βref={βd|βd|≤|βupper_bound|βupper_boundsgn(βd)|βd|>|βupper_bound|
(55)

Thus, the basic control target, the reference yaw rate 
wref
and the reference sideslip angle 
βref
, of the direct yaw moment is obtained.

4.1.2 Additional Yaw Moment Decision Based on Model Predictive Control

Adding additional yaw moment 
MDY
into the 2-DOF vehicle dynamic model:


ωrvx(ak1−bk2)−k1δ+β(k1+k2)=m(ωrvx+v˙y)
(56)


β(ak1−bk2)−ak1δ+ωrvx(k2b2+k1a2)+MDY=ω˙rIz
(57)

System state equation is as follows:


{x˙=Acx+Bcuy=Ccx
(58)

where, 
x=[βωr]T
, 
u=[δMDY]
, 
Ac=[−k1+k2mvxk2b−k1amvx2−1k2b−k1aIZ−k1a2+k2b2IZvx]
, 
Bc=[k1mvx0k1aIZ1IZ],Cc=[1001].


In order to meet the discrete control requirements of model predictive control, Euler method is used to discretization the above system space state equation [28]:


{x(k+1)=Ax(k)+Bu(k)y(k+1)=Cx(k+1)
(59)

where, 
A=eAcΔT
, 
B=∫0ΔTeAcτdτ⋅Bc
, 
ΔT
is the system sampling time, 
C=Cc
, 
x(k)=[β(k)ωr(k)]T
, 
u(k)=[δ(k)MDY(k)]T
.

Utilize the discretized state transfer equation to predict the system state in time domain P:


X(k)=Fxx(k)+GxU(k)
(60)

where, 
X(k)=[x(k+1)⋮x(k+P)]
, 
U(k)=[u(k+1)⋮u(k+M−1)]
, 
Fx=[A⋮AP],Gx=[B00⋮⋮0AM−1B⋯B⋮⋮Ap−1B⋯∑i=0P−MAiB]
.

According to the predicted system state, the corresponding output of predicted system can be obtained.


Y(k)=Fyx(k)+GyU(k)
(61)

where, 
Y(k)=[y(k+1)⋮y(k+P)]
, 
Fy=[CA⋮CAP],Gy=[CB00⋮⋱0CAM−1B⋯CB⋮⋮CAP−1B⋯∑i=1P−M+1CAi−1B].


The optimization objective function is shown as follows:


minU(k)⁡Jy(k)=‖W(k)−Y(k)‖Qy2+‖U(k)‖Ry2
(62)

where, 
Qy
and 
Ry
are weight matrices. By adjusting the weight matrix, the control system can track the target smoothly and quickly, while ensuring the minimum energy fluctuation of the system.

The constraint function are as follows:

(1) Due to the motor power limit, the control input of the vehicle will be limited:


umin(t+k)≤u(t+k)≤umax(t+k),k=0,1⋯,M−1
(63)

(2) Control increments also need to be limited to prevent vehicle instability caused by excessive energy fluctuation:


Δumin(t+k)≤Δu(t+k)≤Δumax(t+k),k=0,1⋯,M−1
(64)

(3) The system output constraint


Δymin(t+k)≤Δy(t+k)≤Δymax(t+k),k=0,1⋯,M−1
(65)

The optimal control can be obtained by solving the above quadratic programming problem:


U(k)=−(GyTQyGy+Ry)−1GyTQy(W(k)−Fyx(k))
(66)

And apply the first term in 
U(k)=[u(k)u(k+1)⋯u(k+P−1)]T
to the system.

4.2 Direct Yaw Moment Optimization Allocation Model Based on Quadratic Programming Problem

Taking the minimum tire adhesion coefficient utilization rate as the optimal allocation target of additional yaw moment [29,30]:


minJ=min∑i=14WiFxi2+Fyi2(μFZi)
(67)

Introducing the following constraint conditions:

(1) Tire adhesion limit constraint:


Fxi2+Fyi2≤μFZi
(68)

(2) Motor system performance constraint:


{|Fxire|≤|Ttmax|,ni≤nb|Fxire|≤|Ptmaxni|,ni≥nb
(69)

where, 
nb
is the base speed of motor, 
re
is wheel radius.

(3) Braking system constraints:

After torque optimization, if the torque is negative, it is necessary to apply braking torque. The braking torque should be less than the limit braking torque 
Tbmax
produced by the braking system.


|Fxi|≤|Tbmaxre|,Fxi≤0
(70)

This paper adopts the active set method to solve the above quadratic programming problem [31]. Active set algorithm is a very effective method to solve quadratic programming problems. It solves general constrained quadratic programming problems by solving finite equity-constrained quadratic programming problems. The active set method can be described as:


{(QP)minf(x)=12xTGx+cTxs.t.aiTx≤bi,i∈E
(71)

There is a method based on determining its optimal solution and corresponding multiplier at the same time, namely Lagrange function:


L(x,λ)=12xTGx+cTx−λT(ATx−b)
(72)

It can be obtained from its matrix form:


(G−A−AT0)(xλ)=−(cb)
(73)

5  Simulation Verification

Considering the long development cycle and high cost of controller, a test platform based on experimental distributed-drive electric vehicle using A&D 5435 hardware-in-the-loop simulation system has been set up. Test on low adhesion coefficient road and joint pavement simulation conditions are conduct respectively. At the same time, the direct yaw moment controller based on “feedforward + feedback” control is designed as a comparison, so as to verify the feasibility and accuracy of the proposed stability control strategy.

5.1 Double Lane Change Test on Low Adhesion Coefficient Pavement

The target track of the double lane change condition is shown in Fig. 5. The error analysis of low adhesion coefficient double line changesimulation test is shown in Tab. 1. The road adhesion coefficient is 0.56 and the initial speed is 100 km/h. The lateral acceleration, the yaw rate and the sideslip angle under model predictive control, “feedforward + feedback” control and uncontrol are shown in Figs. 6–8, respectively.

[image: images]

Figure 5: Vehicle track

[image: images]

Figure 6: Vehicle lateral acceleration
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Figure 7: Vehicle sideslip angle

[image: images]

Figure 8: Vehicle yaw rate

Table 1: Error analysis table for simulation test of double line change test for low adhesion coefficient

[image: images]

It can be seen from Fig. 5 that the vehicle track under the uncontrol deviates from the target track significantly. It can be seen from Fig. 6, under the action of MPC controller, the maximum lateral acceleration of the vehicle is only 0.4 g. Under the action of the “feedforward + feedback” control system, the lateral acceleration of the vehicle is only 0.5 g. Although the maximum lateral acceleration of the vehicle under unstable control is 0.25 g, the vehicle is already far away from the target trajectory. It can be seen from Figs. 7 and 8 that the maximum yaw rate under the uncontrol reached 15.821°/s and the maximum vehicle sideslip angle reached 2.247°. Both the MPC controller and the “feedforward + feedback” controller can well follow the change of ideal values. Under the control of MPC-based stability control system, the maximum yaw rate was 11.927°/s, which decreased by 24.6%, and the maximum sideslip angle was 1.003°, which decreased by 55.4%. Under the control of the “feedforward + feedback” stability control system, the maximum yaw rate was 12.217°/s, which decreased by 22.8%; the maximum sideslip angle was 1.522°, which decreased by 32.3%.

At the same time, according to the error analysis results, the maximum error, the mean error and the root mean square error of the vehicle yaw rate and the sideslip under MPC-based stability control system are all smaller than those under the “feedforward + feedback” controller. As can be seen from the actual driving track of the vehicle in Fig. 5, under the action of the vehicle stability control system, the vehicle travels smoothly, without dangerous conditions such as sideslip and tail swing, and the vehicle handling stability is effectively improved. Compared with the “feedforward + feedback” controller, vehicle track is much closer to the target track under the MPC controller.

Meanwhile, according to the observation data of adhesion coefficient shown in Figs. 9 and 10, the DUKF observation value rapidly converges to the true value of road adhesion coefficient within 0.2 s.

[image: images]

Figure 9: Observation value of adhesion coefficient of front wheel

[image: images]

Figure 10: Observation value of adhesion coefficient of rear wheel

5.2 The Snake Test on Joint Pavement Pylon

This paper selects the snake test on joint pavement pylon as test condition. The vehicle speed is 85 km/h and the road adhesion coefficient is shown in Tab. 2. The movement track of vehicle, the lateral acceleration, the yaw rate and the sideslip angle response curves of the vehicle under model predictive control, “feedforward + feedback” control and uncontrol are shown in Figs. 11–14, respectively.

[image: images]

Figure 11: Vehicle track
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Figure 12: Vehicle lateral acceleration
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Figure 13: Vehicle sideslip angle

[image: images]

Figure 14: Vehicle yaw rate

Table 2: road section adhesion coefficient table

[image: images]

Error analysis was performed on the yaw rate and the sideslip angle response value after the simulation time of 12 s (road junction). The error analysis of yaw rate, sideslip angle and target value under the model prediction controller and the “feedforward + feedback” controller is shown in Tab. 3.

Table 3: Error analysis table for simulation test of the joint pavement snake test

[image: images]

According to the Fig. 11, it can be seen that in the joint pavement without stability controller role, the vehicle begins to side slip in the longitudinal displacement of 350 m (joint pavement) and the movement track is completely away from the target track. With stability controller action, vehicles are driven to follow the target track stability and compared with the feedforward + feedback controller, vehicle track is closer to the target track under the model predictive controller. It can be seen from Figs. 13 and 14 that the maximum vehicle yaw rate reached 89.273°/s under uncontrol and the maximum sideslip angle reached 24.985°. Under the MPC stability control system, the maximum yaw rate was 17.534°/s, which decreased by 80.4%, and the maximum sideslip angle was 2.217°, which decreased by 91.1%. Under the “feedforward + feedback” stability control system, the maximum yaw rate is 21.053°/s, reducing by 76.4%, and the maximum sideslip angle is 3.672°, decreasing by 85.3.3%.

At the same time, according to the error analysis results, the maximum error, the mean error and the root mean square error of the vehicle yaw rate and the sideslip under the model predictive controller are all smaller than the error values under the “feedforward + feedback” controller. It can be seen from the Fig. 6 the actual movement track of the vehicle that vehicle running is relatively stable and no dangerous situation such as side slip, spin under the vehicle stability control system and the vehicle’s handling stability effectively improved. Compared with the feedforward + feedback controller, vehicle track is closer to the target track under the model predictive controller.

Meanwhile, according to the observation data of adhesion coefficient in Figs. 15 and 16, the DUKF observation value rapidly converges to the true value of road adhesion coefficient within 0.2 s.

[image: images]

Figure 15: Observation value of adhesion coefficient of front wheel

[image: images]

Figure 16: Observation value of adhesion coefficient of rear wheel

6  Conclusion

A double-layer structure direct yaw moment controller consisting of the additional yaw moment decision layer based on the MPC and the additional yaw moment distribution layer based on quadratic programming active set is designed. Considering the influence of road adhesion coefficient on stability control system, a joint observer of vehicle state parameters and road surface parameters is established. According to the low adhesion coefficient road and joint pavement simulation test results, the vehicle stability can get significantly improved with the vehicle stability controller based on the joint observer. In addition, compared with the “feedforward + feedback” controller, the yaw rate and sideslip angle’s response values of the distributed driven electric vehicle are closer to the steady-state value under the model prediction controller, which has more reliable control effect in terms of vehicle stability control. Future works will focus on the coordinated control of the line control system chassis.
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