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Abstract


Distributed drive vehicles provide enhanced actuation flexibility, making longitudinal–lateral coordinated stability control essential for improving vehicle handling and safety under complex driving conditions. Nevertheless, the existing coordinated control strategies commonly employ stability reference models with fixed tire–road friction coefficients, which restrict their adaptability to time-varying adhesion environments. In addition, conventional sliding mode-based lateral stability controllers may exhibit limited performance when confronted with strong nonlinear coupling and external disturbances. To address these issues, this paper proposes an integrated longitudinal–lateral coordinated stability control framework for distributed drive vehicles. A dual unscented Kalman filter-based estimator is developed to identify the tire–road friction coefficients and construct a friction-adaptive reference model for yaw rate and sideslip angle. An adaptive fractional power speed controller with resistance compensation is designed to generate the total longitudinal driving torque, while an adaptive neural sliding mode controller produces the corrective yaw moment for lateral stability enhancement. Furthermore, a pseudoinverse-based torque distribution strategy is employed to allocate the longitudinal torque and yaw moment to individual wheels. Simulation results demonstrate that the proposed framework significantly improves vehicle stability and tracking accuracy compared with conventional control methods under varying road conditions.
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1. Introduction


With the rapid progress of intelligent transportation systems and vehicle electrification technologies, distributed drive electric vehicles (DDEVs) have gained increasing attention as a promising approach to mitigating global energy consumption and environmental pollution issues [1,2,3,4,5]. Owing to the independent actuation capability of in-wheel motors, DDEVs enable precise and flexible control of individual wheel torques, thereby providing an advantageous platform for enhancing vehicle active safety, especially under challenging driving scenarios such as low-adhesion surfaces, aggressive obstacle avoidance, and emergency steering conditions [6,7,8,9]. As a result, longitudinal–lateral coordinated stability control has emerged as a central research topic in vehicle dynamics and control, since it directly affects handling stability, motion coordination, and trajectory tracking performance through the joint regulation of longitudinal motions (acceleration and deceleration) and lateral motions (yaw and sideslip) [10,11].



Considerable research efforts have been devoted to improving coordinated stability control performance under complex and time-varying road environments. Among the key influencing factors, the tire–road friction coefficient has been widely acknowledged as a fundamental parameter governing the achievable tire force envelope, and its estimation and utilization have therefore attracted sustained interest [12,13]. Accurate friction information enables the construction of adaptive reference models for yaw rate and sideslip angle, which play an essential role in maintaining vehicle stability across diverse road conditions [14,15]. In parallel, longitudinal speed regulation has been extensively investigated in the presence of varying resistive forces, including aerodynamic drag, rolling resistance, and road gradient effects, with the aim of ensuring smooth and stable driving performance while preserving traction capability [16,17]. On the lateral dynamics side, robust control techniques have been actively explored to cope with the strong nonlinearities and external disturbances inherent in vehicle motion, leading to a variety of control schemes that enhance stability and disturbance rejection performance [18,19]. Furthermore, the over-actuated nature of DDEVs has motivated extensive studies on torque allocation strategies, where the distribution of longitudinal driving force and corrective yaw moment among individual wheels is optimized to improve tire force utilization and overall control effectiveness [20].



Building upon these foundations, a wide range of coordinated longitudinal–lateral control approaches have been reported. For TRFC estimation, Kalman-based techniques such as extended Kalman filtering and unscented Kalman filtering have been widely adopted due to their favorable balance between estimation performance and computational cost [21,22]. In the context of longitudinal control, adaptive PID schemes and model-free adaptive control strategies have been developed to accommodate resistance variations and driving condition uncertainties [23,24], while nonlinear control formulations have been shown to better capture complex speed response characteristics [25]. Furthermore, fractional-order controllers, including fractional power control schemes, have recently attracted attention for their ability to generate smooth and robust control actions [26]. They have also been applied in complex control systems, such as the frequency regulation of power grids with renewable energy sources and electric vehicles [27]. For lateral stability enhancement, sliding mode control (SMC) has been extensively studied for its robustness against modeling uncertainties and disturbances [28]. Furthermore, fault-tolerant control has become an important research direction for ensuring reliable operation under steering system fault conditions, for example, advanced static output-feedback controllers [29]. Meanwhile, torque allocation methods based on pseudoinverse solutions and quadratic programming formulations have been proposed to exploit actuator redundancy and improve control performance [30,31]. Zhou et al. [32] presented a coordinated control strategy using model predictive control, where vehicle stability was effectively addressed under nominal conditions. Liu et al. [33] developed a sliding mode predictive control framework focusing on lateral stability enhancement with satisfactory robustness properties. In addition, various torque allocation strategies have demonstrated effectiveness in either stability improvement or efficiency optimization under specific scenarios [34]. These studies collectively provide a solid foundation for coordinated vehicle control and highlight the importance of further integrating friction adaptation, longitudinal regulation, lateral stability control, and torque allocation within a unified framework.



Despite the significant progress in longitudinal–lateral coordinated control, existing approaches often exhibit limited coupling between longitudinal speed regulation and lateral stability control under time-varying road conditions. In particular, friction estimation results are not always fully exploited to adapt reference models and control actions in a unified manner, and torque allocation strategies rarely incorporate time-varying adhesion constraints within an integrated framework. To address these issues, this paper proposes a tightly coupled longitudinal–lateral coordinated stability control architecture for distributed drive vehicles. A dual UKF-based friction estimator, adaptive fractional power longitudinal control, adaptive neural sliding mode lateral control, and a pseudoinverse-based torque allocation strategy are jointly designed to enhance vehicle stability under varying road conditions. The core innovations are structured as follows:



(1) Conventional longitudinal speed controllers, such as fixed-parameter PID or integer-order methods, often exhibit limited robustness under nonlinear dynamics and varying resistances. To address this issue, an adaptive fractional-order speed controller with resistance compensation is developed, enabling improved speed-tracking performance and robustness.



(2) Existing yaw moment control approaches based on linear models or classical sliding mode control may suffer from modeling inaccuracies and chattering. In this work, an adaptive neural sliding mode controller is proposed to generate the corrective yaw moment, achieving fast convergence and enhanced lateral stability while effectively suppressing chattering.



(3) Traditional torque allocation strategies typically neglect actuator redundancy and time-varying tire–road friction constraints. Therefore, a pseudoinverse-based torque distribution method is adopted to optimally allocate longitudinal torque and corrective yaw moment to individual wheels, ensuring improved coordination and safety under varying friction conditions.



The remainder of this paper is organized as follows: Section 2 details the vehicle dynamics model and estimator design; Section 3 presents the coordinated control strategy; Section 4 validates the effectiveness through simulation tests; and Section 5 concludes the research with future outlooks.




2. Vehicle Model and Reference Model


2.1. Vehicle Model


The vehicle dynamics are described using a four-wheel model [35], as shown in Figure 1, which captures the essential dynamic characteristics. The associated mathematical formulations are presented as follows.


     v ˙  x  = [ (  F  x 1   +  F  x 2   ) cos δ +  F  x 3   +  F  x 4   − (  F  y 1   +  F  y 2   ) sin δ ] / m   



(1)






       v ˙  y  = [ (  F  x 1   +  F  x 2   ) sin δ +  F  y 3   +  F  y 4   + (  F  y 1   +  F  y 2   ) cos δ ] / m   



(2)






    r ˙  =   a   (  F  x 1   +  F  x 2   ) sin δ + (  F  y 1   +  F  y 2   ) cos δ       − b (  F  y 3   +  F  y 4   )   /  I z    



(3)






    J i    ω ˙  t  =  T  d i   −  T  b i   −  R i   F  x i                       i = 1 , 2 , 3 , 4   



(4)




where     F  x i          F  y i      are longitudinal tire forces, and lateral tire forces    i = 1 , 2 , 3 , 4    correspond to the left-front, right-front, left-rear, and right-rear wheels, respectively.   a   and   b   are distances from the center of gravity to the front axle and rear axle;   r  ,   m   are the yaw rate and vehicle mass;     T f     and     T r     are front track width and rear track width;   δ   is the front wheel angle;     I z     is the inertia moment about the vehicle’s vertical axis;     v x    ,     v y    ,   β   are the longitudinal vehicle velocity, lateral vehicle velocity, and sideslip angle;     T  b i     ,     T  d i     ,     J i     are the braking torque, driving torque, and moment of inertia;     ω i     is the wheel rotational speed; and     R i     is the wheel radius.



A combined longitudinal and lateral brushed tire model [36] is used to describe the dynamic characteristics of tires. Some specific equations are as follows:


    F  x , i   =     C x       s i    1 +  s i         f i      F i    



(5)






    F  y , i   = −     C y      tan  α i    1 +  s i         f i      F i    



(6)






    F i  =      f i  −   1  3  μ i ϑ   F  z , i       f i 2  +   1  27      μ i ϑ     2   F   z , i   2      f i 3  ,                   if      f i  ≤ 3  μ i ϑ   F  z , i          μ i ϑ   F  z , i                                                                                                                               else       



(7)






    f i  =    C x 2          s i    1 +  s i        2  +  C y 2         tan  α i    1 +  s i        2      



(8)




where     μ i ϑ     is TRFC, for longitudinal tire forces computation:     μ i ϑ  =  μ i x    , for lateral tire forces computation:     μ i ϑ  =  μ i y    ;     C x    ,     C y    ,     F  z , i      are the tire longitudinal, lateral stiffness coefficients, and vertical tire forces;     s i    ,     α i     are the longitudinal slip ratio and wheel sideslip angle;    i = 1 , 2 , 3 , 4    has the same physical meaning as the vehicle model;     f i     is a normalization factor; and     F i     is the tire normal load.


    F  z , 1   =    m g b   2 ( a + b )    −    m  a x  h   2 ( a + b )    −    m  a y  h    T f     ⋅   b  a + b      



(9)






    F  z , 2   =    m g b   2 ( a + b )    −    m  a x  h   2 ( a + b )    +    m  a y  h    T f     ⋅   b  a + b      



(10)






    F  z , 3   =    m g a   2 ( a + b )    +    m  a x  h   2 ( a + b )    −    m  a y  h    T r     ⋅   a  a + b      



(11)






    F  z , 4   =    m g a   2 ( a + b )    +    m  a x  h   2 ( a + b )    +    m  a y  h    T r     ⋅   a  a + b      



(12)







Equations (9)–(12) are derived based on the principle of force and moment balance, which linearly superimposes the static weight distribution with the dynamic load transfers caused by longitudinal and lateral accelerations. These equations account for the effects of longitudinal acceleration     a x    , lateral acceleration     a y    , and the vehicle center-of-gravity height   h   on the wheel loads. Here,     T f    ,     T r     are the front and rear track widths.


    s i  = sgn (  v x  − R  w i  )       v x  − R  w i      max ( R  w i  ,  v x  )              



(13)






    α 1  = δ − arctan (     v y  + a r    v x  −  T f  r / 2    )   



(14)






    α 2  = δ − arctan (     v y  + a r    v x  +  T f  r / 2    )   



(15)






    α 3  = − arctan (     v y  − b r    v x  −  T r  r / 2    )   



(16)






    α 4  = − arctan (     v y  − b r    v x  +  T r  r / 2    )   



(17)







Equations (13)–(17) describe the tire kinematic states based on velocity vector projection, where the longitudinal slip ratio is calculated by the relative difference between wheel spin and translational velocity, and the sideslip angles are derived by mapping the vehicle’s planar motion—specifically longitudinal speed, lateral speed, and yaw rate—onto each wheel’s coordinate frame.




2.2. Reference Model


Vehicle lateral stability is primarily governed by the sideslip angle and yaw dynamics. To ensure that a vehicle maintains predictable and responsive handling behavior under high lateral acceleration, control strategies are often developed to reproduce motion characteristics comparable to those observed in the linear operating region. Accordingly, an ideal reference motion model is commonly formulated based on the steady-state response of a linear two-degree-of-freedom (2DOF) [37] vehicle dynamics representation (Figure 2).



The steady-state yaw rate is as follows:


     r ¯   r e f   =     v x  / ( a + b ) δ   1 + K  v x 2       



(18)






   K =   m    ( a + b )  2         a   C  y r      −   b   C  y f          



(19)







Furthermore, the reference yaw rate must be constrained by the available TRFC and its inherent coupling with lateral acceleration. In view of these physical limitations, based on Equation (5) in reference [38], the desired yaw rate is required to comply with the following condition:


     r ^   r e f   ≤ 0.85    μ g    v x       



(20)







By jointly considering Equations (18) and (20), the reference yaw rate is obtained as


    r  r e f   = min       r ¯   r e f     , 0.85    μ g    v x       sgn  δ    



(21)







In vehicle stability control, the reference sideslip angle is set to zero to ensure neutral handling behavior and prevent excessive lateral motion, thereby maintaining predictable and stable vehicle dynamics.



From Equation (21), it is evident that obtaining an accurate reference yaw rate requires precise estimation of the TRFC. A dual unscented Kalman filter (UKF)-based approach is employed to estimate the TRFC. In the first stage, the longitudinal forces of each wheel are estimated by a primary UKF observer. This observer leverages the nonlinear vehicle longitudinal dynamics and wheel rotational dynamics defined in Equation (5) to construct a state-space model. By utilizing the Unscented transformation, the UKF effectively captures the mean and covariance of the vehicle’s states through a set of deterministically selected sigma points, thereby overcoming the linearization errors typically associated with Extended Kalman filters when dealing with highly nonlinear tire models. The measurement vector, which incorporates real-time sensor data such as wheel angular speeds and accelerometer readings, is compared against the predicted states to recursively update and refine the longitudinal force estimates, providing a robust foundation for the subsequent TRFC identification. Subsequently, these estimated longitudinal forces are incorporated into a longitudinal tire model, and a second UKF is applied to identify the TRFC for each wheel. Finally, the average value of the four tire TRFC estimates is adopted as the overall friction coefficient. The overall TRFC estimation scheme is shown in Figure 3.



Longitudinal tire forces estimation: the discrete-time recursive model is given by


         x   k + 1   = f (   x  k  ,   u  k  ) +  ψ k        z  k  = h (   x  τ  ,   u  τ  ) +   ς  k        



(22)






     x  k  =   [  F  x 1   ,  F  x 2   ,  F  x 3   ,  F  x 4   ,  w 1  ,  w 2  ,  w 3  ,  w 4  ]  T              z  k  =   [  w 1  ,  w 2  ,  w 3  ,  w 4  ]  T    










     u  k  =   [  T  d 1   ,  T  d 2   ,  T  d 3   ,  T  d 4   ,  T  b 1   ,  T  b 2   ,  T  b 3   ,  T  b 4   ]  T      











     ψ  k     denotes the process noise with a covariance matrix      Q  k    , and      ς  k     represents the measurement noise with a covariance matrix      Ω  k    . The function   f   describes the nonlinear state transition of the system, while   h   denotes the measurement output function. The variable   k   is the discrete sampling instant,      x  k     is the system state vector, and      u  k     is the control input vector. The measurement vector      z  k     may suffer from noise. The process noise and the measurement noise are assumed to be independent of each other and are both modeled as zero-mean random variables.



TRFC estimation: From the longitudinal tire dynamics, the following relationship is derived      x  k  =   [  μ 1 x  ,  μ 2 x  ,  μ 3 x  ,  μ 4 x  ,  a x  ]  T          z  τ  =   [  F  x 1   ,  F  x 2   ,  F  x 3   ,  F  x 4   ,  a x  ]  T    .



The iterative process of UKF is as follows.



(1) Initialization:



The initial expectation of    x    and its covariance matrix    P   


      x ^   0  = E     x  0      



(23)






     P  0  = E       x  0  −    x ^   0          x  0  −    x ^   0     T      



(24)







(2) Time update:



The sigma sampling points      τ   k − 1  i     and the associated weight coefficients     ϕ c i         ϕ m i     are obtained as


         τ   k − 1  0  =    x ^    k − 1         τ   k − 1  i  =    x ^    k − 1   +   n + λ          P   k − 1       i            i = 1 , 2 , ⋯ n       τ   k − 1  i  =    x ^    k − 1   −   n + λ          P   k − 1       i            i = n + 1 , ⋯ 2 n       



(25)






        ϕ m 0  = λ /   n + λ   ,  ϕ c 0  = λ /   n + λ   + 1 + β −  α 2       ϕ m i  =  ϕ c i  = λ /   2   n + λ     , i = 1 , 2 , ⋯ 2 n       



(26)




where   n   specifies the dimension of    x   . The parameter    λ =  α 2  ( n + l ) − n    controls the overall scaling, while   l   provides an additional adjustment to this scaling.   α   denotes a small positive constant, and   β   is introduced to incorporate prior information on the distribution of    x   .



The sigma points after propagation are expressed as


     τ   k / k − 1   ∗ ( i )   = f (   τ   k − 1   ( i )   ,   u   k − 1   )   



(27)







The predicted state       x ^    k / k − 1      and its associated covariance matrix      P   k / k − 1      are obtained as


      x ^    k / k − 1   =   ∑  i = 0   2 n     ϕ m i    τ   k / k − 1   ∗ ( i )       



(28)






     P   k / k − 1   =   ∑  i = 0   2 n     ϕ c i      τ   k / k − 1   ∗ ( i )   −    x ^    k / k − 1           τ   k / k − 1   ∗ ( i )   −    x ^    k / k − 1      T    +   Q   k − 1     



(29)




where    Q    denotes the covariance matrix associated with the process noise.



(3) Measurement update:



The updated sigma points      τ  k i     are determined as


         τ  k 0  =    x ^    k / k − 1         τ  k i  =    x ^    k / k − 1   +   n + λ          P   k / k − 1       i            i = 1 , 2 , ⋯ n       τ  k i  =    x ^    k / k − 1   −   n + λ          P   k / k − 1       i            i = n + 1 , ⋯ 2 n       



(30)







The sigma points after propagation are computed as


     z   k / k − 1   ∗ ( i )   = h (   τ  k  ( i )   ,   u  k  )   



(31)







The estimated output       z ^    k / k − 1      and the corresponding covariance matrix      P   z , k      are updated as


      z ^    k / k − 1   =   ∑  i = 0   2 n     ϕ m i    z   k / k − 1   ∗ ( i )       



(32)






     P   z , k   =   ∑  i = 0   2 n     ϕ c i      z   k / k − 1   ∗ ( i )   −    z ^    k / k − 1           z   k / k − 1   ∗ ( i )   −    z ^    k / k − 1      T    +   R  k    



(33)




where    R    denotes the covariance matrix associated with the measurement noise.



The cross-covariance matrix      P   x z , k      between       x ^    k / k − 1      and       z ^    k / k − 1      is expressed as


     P   x z , k   =   ∑  i = 0   2 n     ϕ c i      τ   k / k − 1   ∗ ( i )   −    x ^    k / k − 1           z   k / k − 1   ∗ ( i )   −    z ^    k / k − 1      T      



(34)




when    λ = 1   , the gain matrix      w  k     can be obtained as


     w  k  =   P   x z , k     P   z , k   − 1     



(35)







The posterior state       x ^   k     and its covariance matrix      P  k     are derived


      x ^   k  =    x ^    k / k − 1   +   w  k      z  k  −    z ^    k / k − 1       



(36)






     P  k  =   P   k / k − 1   −   w  k    P   z , k     w  k T    



(37)









3. Methodology


The proposed longitudinal–lateral coordinated stability control framework is shown in Figure 4. A dual UKF-based estimator is employed to identify TRFC, which is used to construct a friction-adaptive reference model for yaw rate and sideslip angle generation. An adaptive fractional power speed controller with resistance compensation is designed to generate the total longitudinal driving torque, while an adaptive neural sliding mode controller produces the required corrective yaw moment to ensure lateral stability. The obtained longitudinal torque and yaw moment are optimally allocated to individual wheel torques via a pseudoinverse-based torque distribution strategy. Through the tight coupling of longitudinal and lateral control loops, the proposed framework effectively enhances vehicle stability and tracking performance under varying road conditions. Several key components in the proposed algorithm play important and complementary roles. Specifically, the incorporated resistance compensation term mitigates the effects of rolling, aerodynamic, and slope-related disturbances, thereby enhancing speed-tracking accuracy under varying operating conditions. Meanwhile, the sliding mode component ensures robustness against model uncertainties and external disturbances, while the neural approximation compensates for unmodeled nonlinearities and significantly reduces chattering.



3.1. Adaptive Fractional Power Speed Control with Resistance Compensation


The longitudinal motion of the vehicle can be described by the following force balance equation:


     m   v ˙  x    =   F ¯  x  −   F ¯  r        =   F ¯  x  −   1 2   ρ  C d   A ˜   v x 2  −  f r  m g     



(38)




where      F ¯  x     represents the total longitudinal driving force,      F ¯  r     is the lumped resistive force,     C d     is the aerodynamic drag coefficient,    A ˜    denotes the frontal area,   ρ   is the air density,     f r     is the rolling resistance coefficient, and   g   is the gravitational acceleration.



The control objective is to design a longitudinal controller such that the vehicle speed     v x     tracks a desired reference speed     v  r e f      despite nonlinear resistive forces and speed-dependent uncertainties. The tracking error is defined as


   e =  v  r e f   −  v x    



(39)







To compensate for the known resistive forces, a feedforward control term is introduced. The equivalent driving torque required to balance the resistive forces is given by


    T  f f   =   F ¯  r   R w    



(40)




where     R w     denotes the effective wheel radius.



This term enables the controller to offset steady-state speed losses caused by aerodynamic drag and rolling resistance.



To ensure robust tracking performance under nonlinear and uncertain conditions, a fractional power feedback control law is adopted. The fractional power term       e   γ  sgn  e     increases the convergence speed when the tracking error is small, while avoiding excessive control effort near the equilibrium point, thus improving both transient performance and control smoothness. For convenience in notation and implementation, this term is represented as     e γ    , which preserves the sign information of   e   while compactly expressing the fractional power operation.


    T  f b   =  K 1  e +  K 2     v x       e   γ  sgn  e    



(41)




where     K 1  > 0    is a linear feedback gain,    γ ∈   0 , 1      is the fractional power exponent, and     K 2     v x       is a speed-dependent adaptive gain.



To prevent overly aggressive control actions at high vehicle speeds, the nonlinear gain     K 2     v x       is designed as a decreasing function of speed


    K 2     v x    =      K ˜  2    1 + η    v x         



(42)




where      K ˜  2     is the nominal gain, and    η > 0    is a speed attenuation coefficient.



Combining the feedforward compensation term and the adaptive fractional feedback term, the total driving torque command is obtained as


    T  t o t a l   =   F ¯  r   R w  +  K 1  e +  K 2     v x       e   γ  sgn  e    



(43)







Assuming that the reference speed is constant or varies slowly, it can be obtained from Equation (39) that


    e ˙  = −   v ˙  x    



(44)







Under the proposed control law, the closed-loop speed tracking error dynamics are given by


    e ˙  = −     K 1  e   m  R w     −     K 2     e   γ  sgn  e    m  R w       



(45)







Theorem 1.

For any initial speed tracking error     e  0  ∈ ℜ      and       K 1  > 0 ,    K 2  > 0   , the closed-loop system is globally finite-time stable at     e    =    0   .





Proof. 

Consider the Lyapunov function


   V  e  =   1 2    e 2    



(46)






    V ˙  = −     K 1   e 2    m  R w     −     K 2     e    γ + 1     m  R w       



(47)







Since     K 1  > 0 ,    K 2  > 0   , and       e    γ + 1   > 0    for all    e ≠ 0   , it follows that


    V ˙  < 0 ,       ∀ e ≠ 0   



(48)




thereby guaranteeing asymptotic stability for the overall closed-loop system. □






3.2. Adaptive Neural Sliding Mode Controller


The 2DOF vehicle model is augmented with a control-generated yaw moment     M z    , and the corresponding lateral–yaw dynamics are given by


    r ˙  =     a 2   C f  +  b 2   C r     I z   v x     r +    a  C f  − b  C r     I z     β −    a  C f     I z     δ +     M z     I z       



(49)






    β ˙  =      a  C f  − b  C r      m v  x 2     − 1   r +     C f  +  C r    m  v x     β −     C f    m  v x     δ   



(50)







The desired sideslip angle and yaw rate are regulated by different control inputs to minimize their tracking deviations. Reducing these deviations enables the vehicle to more accurately follow the driver’s intended steering behavior, thereby improving lateral stability and handling performance. Accordingly, the tracking error     e β     and the corresponding error derivative      e ˙  β     are defined as


        e β  = β −  β  r e f         e ˙  β  =  β ˙  −   β ˙   r e f         



(51)







Furthermore,     C 1  > 0 ,    C 2  > 0    and the sliding surface is obtained as


      s β    =  C 1   e β  +  C 2    e ˙  β   =   C 1    β −  β  r e f     +  C 2     β ˙  −   β ˙   r e f           =       C 2     C f  +  C r      m  v x     +  C 1    β +      a  C f  − b  C r      m v  x 2     − 1    C 2  r −     C 2   C f    m  v x     δ −  C 1   β  r e f   −  C 2    β ˙   r e f       



(52)






       s ˙  β    =  C 1     β ˙  −   β ˙   r e f     +  C 2     β ¨  −   β ¨   r e f           =    C 1  +     C f  +  C r    m  v x        β ˙  −  C 1    β ˙   r e f   −  C 2    β ¨   r e f   +  C 2       a  C f  − b  C r      m v  x 2     − 1       M z     I z     +        C 2         a  C f  − b  C r      m v  x 2     − 1         a 2   C f  +  b 2   C r     I z   v x     r +    a  C f  − b  C r     I z     β −    a  C f     I z     δ         



(53)







The sliding-mode controller adopts a constant-rate reaching law, and a saturation function is employed to replace the sign function in order to alleviate chattering, which is expressed as


    s ˙  = − ε s a t  s  , ε > 0   



(54)







Combining Equations (53) and (54), the additional yaw moment is obtained as


      M z    =    −  I z    m v  x 2     C 2    a  C f  − b  C r  −   m v  x 2            C 1  +     C f  +  C r    m  v x        β ˙  −  C 1    β ˙   r e f   −  C 2    β ¨   r e f   + − ε s a t  s  +            C 2         a  C f  − b  C r      m v  x 2     − 1         a 2   C f  +  b 2   C r     I z   v x     r +    a  C f  − b  C r     I z     β −    a  C f     I z     δ           



(55)







To analyze the stability of the system, the following Lyapunov candidate function is selected


   V    s β    =   1 2    s β 2    



(56)







The time derivative of    V    s β       along the system trajectories is given by


      V ˙     s β      =  s β    s ˙  β  =  s β       C 1  +     C f  +  C r    m  v x        β ˙  −  C 1    β ˙   r e f   −  C 2    β ¨   r e f   +  C 2       a  C f  − b  C r      m v  x 2     − 1       M z     I z     +        C 2             a  C f  − b  C r      m v  x 2     − 1         a 2   C f  +  b 2   C r     I z   v x     r +    a  C f  − b  C r     I z     β −    a  C f     I z     δ           



(57)







Substituting Equation (55) into Equation (57) yields


    V ˙     s β    = −  s β  ε s a t    s β      



(58)







For the saturation function, the following property holds:


    s β  s a t    s β    ≥ 0   



(59)




which implies


    V ˙     s β    ≤ 0   



(60)







Therefore, the Lyapunov function    V    s β       is non-increasing, and the sliding surface     s β     is guaranteed to converge to a bounded neighborhood of zero.



In this study, an MLP-Mixer-based neural network is introduced as a residual yaw moment compensator to enhance the performance of the sliding mode yaw stability controller under nonlinear and uncertain driving conditions. The network does not replace the sliding mode controller. Instead, it learns the modeling residuals and unmodeled nonlinearities arising from road friction variation and longitudinal–lateral coupling effects. Formally, the total yaw moment     M  t o t a l      is given by


    M  t o t a l   =  M z  +  M  m l p     



(61)




where     M z     is the corrective yaw moment generated by the MLP-Mixer network.



Unlike conventional multilayer perceptrons, the MLP-Mixer employs stacked residual mixing blocks, enabling effective modeling of complex nonlinear couplings among control-relevant variables. The input vector of the MLP-Mixer network is defined as    x =   [ r , β ,  r  r e f   ,  β  r e f   ,  v x  , s , δ ,  M z  ]  T    . A fully connected projection layer with 128 neurons is first employed to map the low-dimensional physical input space into a higher-dimensional latent feature space. This projection enhances the nonlinear representation capability of the network and facilitates subsequent feature mixing. Two identical MLP-Mixer blocks are stacked sequentially. Each block consists of a two-layer fully connected nonlinear transformation with ReLU activation functions and an explicit residual skip connection. Following the MLP-Mixer blocks, a fully connected layer with 64 neurons and ReLU activation is used to further refine the extracted features. A linear-activation neuron is employed in the final layer to output the corrective yaw moment. The configuration of the entire network is provided in Table 1. Training of the residual MLP-Mixer model is carried out using the Adam-based optimization scheme with a step size of 1 × 10−3. To suppress the estimation error of the residual yaw moment, the mean-squared error metric is selected as the objective function. Mini-batch gradient descent is employed with a batch size of 64 to balance training stability and computational efficiency.



As shown in Equation (58), the boundedness and convergence of the sliding mode controller have been rigorously established. The adaptive neural network is implemented as a multilayer perceptron whose output is bounded and linearly superimposed on the sliding mode control action. Due to this linear combination and the bounded nature of the MLP output, the overall controller inherits the convergence properties of the underlying sliding mode controller. Consequently, the closed-loop system under an adaptive neural sliding mode controller is guaranteed to remain stable, and its states are bounded, even in the presence of uncertainties and external disturbances.




3.3. Driving Torque Distribution Using Pseudoinverse Optimization


For a distributed drive vehicle, the upper-level controller provides the desired total longitudinal driving torque and the corrective yaw moment. Specifically, the adaptive fractional power speed controller generates the total longitudinal driving torque     T  t o t a l     , while the SMC–MLP controller outputs the additional yaw moment     M  t o t a l      required for lateral stability enhancement. These two control objectives must be simultaneously realized by allocating the driving torques of the four in-wheel motors. In real driving conditions, the maximum longitudinal force that each tire can generate is limited by the available TRFC. To guarantee the physical feasibility of the torque allocation results and prevent excessive wheel slip, TRFC constraints are incorporated into the pseudoinverse-based torque distribution scheme. The friction constraint can be equivalently expressed in terms of wheel torque     T i     as


      T i    ≤ μ  F  z i    R w          i = 1 , 2 , 3 , 4   



(62)







The desired total longitudinal driving torque     T  t o t a l      and the corrective yaw moment     M  t o t a l      are distributed to the four wheels using the pseudoinverse method. Let the wheel torque vector be defined as     T  =      T 1  ,  T 2  ,  T 3  ,  T 4     T    . The relationship between the wheel torques and the vehicle-level control objectives can be expressed in a linear form as


        T  t o t a l        M  t o t a l       =  B T           B  =           1                       1                   1                   1         T f    2  R w     −     T f    2  R w           T r    2  R w     −     T r    2  R w           



(63)







Since the number of wheel torques exceeds the number of control objectives, the torque allocation problem is underdetermined. To obtain a unique and smooth solution suitable for real-time implementation, a pseudoinverse-based optimization approach is adopted. The wheel torque vector is computed as


    T  =   B  T       B      B  T      − 1        T  t o t a l        M  t o t a l         



(64)







The wheel torques obtained from Equation (64) are directly applied as the actuator commands, while satisfying the constraint specified in Equation (62).





4. Results and Discussion


A joint CarSim–Simulink co-simulation environment is constructed to evaluate the performance of the proposed control strategies. For longitudinal speed tracking, the proposed controller is compared with a feedforward compensation (FC) combined with proportional feedback control (PFC). For yaw moment control, the proposed method is benchmarked against a linear quadratic regulator (LQR) approach. Two different road conditions are considered in the tests, and a range of operating scenarios covering multiple vehicle speeds and steering maneuvers are conducted to evaluate the applicability and robustness. It is particularly emphasized that to validate the robustness of the UKF against measurement noise, the four-wheel rotational speed signals are integrated with a stochastic noise module to simulate real-world sensor interference. These noise-corrupted signals are subsequently used as inputs for the UKF; the algorithm’s robustness is then rigorously assessed by analyzing the estimation accuracy of the longitudinal tire forces. The specific parameters of the vehicle model used in this study are provided in Table 2.



4.1. The Test on a Dry Asphalt Road


The TRFC is assigned a value of 0.85. The vehicle starts from an initial velocity of 14 m/s and is commanded to reach a desired speed of 16 m/s. Therefore, the vehicle accelerates at the beginning of the maneuver. A lane-change maneuver is performed, and the steering wheel angle is shown in Figure 5. The steering angle is initially zero, increases during the time interval from 3 s to 7 s to execute the lane change, and then returns to straight-line driving.



Figure 6a–d present the UKF-based estimation results of the longitudinal tire forces. The red solid curves correspond to the reference values provided by CarSim and are regarded as the ground truth, whereas the blue dashed curve denotes the estimates obtained using the UKF. The results demonstrate that the UKF achieves satisfactory estimation accuracy, with the estimated forces closely following the reference values. At the beginning of the maneuver, relatively large longitudinal tire forces are produced to compensate for the initial speed tracking error. As the vehicle speed converges to the desired value, the magnitude of the longitudinal tire forces decreases rapidly. Noticeable fluctuations occur during 3–7 s because the vehicle is executing a steering maneuver in this time interval. These fluctuations arise from the coupling effects between the longitudinal and lateral vehicle dynamics.



Figure 7 illustrates the estimation results of the TRFC. It can be observed that the UKF estimation curve rapidly converges to the reference value. This behavior is attributed to the initial acceleration phase of the vehicle, during which strong longitudinal excitation enables the estimator to quickly track the true value. Subsequently, the estimated TRFC remains closely aligned with the reference. Therefore, the real-time estimated TRFC can be employed as an input to the reference model, allowing for the desired yaw rate and sideslip angle to be dynamically adjusted.



Figure 8 illustrates the vehicle velocity tracking performance. In the adaptive fractional power speed control scheme, parameters     K 1  = 30         K ˜  2  = 920       γ = 0 . 55    are determined through dynamic adjustments derived from empirical data. The red solid line represents the reference speed, the green dash-dotted line denotes the vehicle speed controlled by the FC + PFC algorithm, and the blue dashed line represents the vehicle speed controlled by the AFPSC algorithm. It can be observed that the FC + PFC curve tracks the reference value with a slight delay. Moreover, during the steering maneuver, the vehicle speed under FC + PFC exhibits pronounced oscillations and deviates significantly from the reference speed. This behavior arises because the proportional gain in the FC + PFC scheme is fixed, which limits its applicability to a narrow range of operating conditions. In contrast, the AFPSC strategy dynamically adjusts the control gain according to the speed tracking error, thereby enhancing the speed tracking performance under varying driving conditions.



Figure 9 and Figure 10 present the response profiles of the yaw rate and vehicle sideslip angle, respectively, under different control strategies. The red solid curves represent the reference values, the green dash-dotted curves correspond to the LQR-controlled vehicle states, and the blue dashed curves denote the responses under the proposed SMC + MLP control scheme. As illustrated in Figure 9, the yaw rate curve obtained with LQR control deviates significantly from the reference curve, indicating degraded vehicle stability when nonlinearities and uncertainties are present. In contrast, the yaw rate curve under SMC + MLP control remains much closer to the reference, demonstrating superior yaw stability and tracking capability. Figure 10 shows that the sideslip angle curve obtained with SMC + MLP control follows the reference more closely and exhibits no noticeable oscillations at the initial stage, whereas the LQR-controlled curve displays larger deviations. Compared with the LQR approach, the proposed SMC + MLP framework does not rely on linearization around a fixed operating point, which allows for the preservation of robustness under strongly nonlinear driving conditions. The sliding mode controller guarantees baseline stability and robustness against matched uncertainties, while the MLP-Mixer-based residual compensator adaptively learns and cancels modeling errors caused by road friction variations and longitudinal–lateral coupling effects. Consequently, the combined SMC + MLP controller achieves improved yaw stability and tracking accuracy across a wider range of maneuvers and road conditions than the model-dependent LQR controller.



Table 3 summarizes the RMSE of key vehicle states on a dry asphalt road under different control strategies. It can be observed that the proposed SMC + MLP approach consistently outperforms the conventional LQR controller in terms of both sideslip angle and yaw rate tracking accuracy. Specifically, compared with the LQR method, the RMSE of the sideslip angle is reduced from 0.167 to 0.092, corresponding to an improvement of approximately 45%, which indicates a significantly enhanced capability in suppressing lateral motion deviations. Meanwhile, the yaw rate RMSE decreases from 4.977 to 2.775, yielding a reduction of about 44%, demonstrating superior yaw dynamics regulation and reference tracking performance. These quantitative results verify that, under high-adhesion conditions, the SMC + MLP controller can more effectively mitigate the adverse effects of longitudinal–lateral coupling and thus achieve improved vehicle stability compared with the baseline LQR strategy.



Figure 11 illustrates the torque variation curves of the four wheels, where FL, FR, RL, and RR refer to the front-left, front-right, rear-left, and rear-right wheels, respectively. At the initial stage, relatively large driving torques are required to track the target vehicle speed. As the speed error gradually decreases, the wheel torques are correspondingly reduced. During the steering maneuver, the torques of the four wheels are dynamically redistributed, which contributes to enhancing vehicle stability and maintaining the desired yaw behavior.




4.2. The Test on an Ice Snow Road


With the TRFC fixed at 0.2, the vehicle operates from an initial speed of 8 m/s and is driven toward a target velocity of 13 m/s, which induces a clear acceleration transient at the start of the scenario. During this process, the vehicle carries out a sequence of lane-change maneuvers. Figure 12 illustrates the corresponding steering wheel input, which remains at zero at first, exhibits sustained variations between 3 s and 12 s to accomplish the continuous lane changes, and subsequently converges back to zero as the vehicle returns to steady straight-line motion.



The longitudinal force estimates for each of the four wheels are illustrated in Figure 13a–d. The estimated results show good agreement with the reference values. Compared with asphalt pavement, the maximum achievable tire forces on icy and snowy roads are significantly lower due to the limitation imposed by reduced road adhesion. Moreover, during steering maneuvers, the longitudinal tire forces fluctuate as a result of longitudinal–lateral coupling; however, the UKF estimation still maintains a high level of consistency with the reference values. Figure 14 illustrates the estimation results of the TRFC. It can be observed from the figure that the UKF estimation curve rapidly tracks the reference value with a brief overshoot, then gradually decreases and fully converges to the reference at approximately 1 s, after which it remains stable.



Figure 15 illustrates the vehicle speed tracking responses. The parameters     K 1  = 300   ,      K ˜  2   = 420  0   , and    γ = 0 . 56    for adaptive fractional power speed control are updated dynamically based on empirical heuristics. The speed controlled by the AFPSC approach increases more smoothly and shows a higher degree of agreement with the reference trajectory, whereas the FC + PFC method converges to a steady-state value that is slightly higher than the reference. The AFPSC strategy dynamically adjusts the control gain according to the speed tracking error, thereby improving speed tracking performance under varying driving conditions. Figure 16 and Figure 17 illustrate the yaw rate and vehicle sideslip angle responses, respectively, under different control strategies. It can be observed that the SMC + MLP control strategy enables the vehicle states to track the reference values more closely, resulting in improved vehicle stability.



Table 4 compares the RMSE of vehicle states on an icy, snowy road. The results show that the proposed SMC + MLP method significantly outperforms the conventional LQR controller, especially in terms of sideslip angle regulation. Specifically, the sideslip angle RMSE is reduced from 0.4748 to 0.0669, corresponding to an improvement of approximately 86%, which highlights the strong capability of the proposed method in suppressing excessive lateral slip. In addition, the yaw rate RMSE decreases from 1.4722 to 1.2425, yielding an improvement of about 16%, demonstrating enhanced yaw motion regulation. Overall, the SMC + MLP controller shows superior robustness and stability performance on icy, snowy roads.



Figure 18 depicts the time histories of the driving torques applied to the four wheels. At the beginning of the maneuver, higher torque levels are demanded to rapidly accelerate the vehicle toward the desired speed. As the speed tracking error diminishes, the required wheel torques progressively decrease. When steering inputs are applied, the torques among the four wheels are adaptively adjusted and redistributed, thereby improving overall vehicle stability and ensuring that the yaw response follows the intended behavior.



To further verify the applicability of the algorithm when TRFC is unknown, a double-lane-change experiment is conducted with TRFC set to 0.4. Due to length constraints, the relevant curves are not included in the manuscript; instead, Table 5 is added to provide a quantitative comparison of control performance. It can be observed that the proposed control strategy achieves superior performance compared to the traditional LQR method.



The test results obtained under different road conditions show that the proposed control method consistently delivers enhanced performance, indicating strong robustness and adaptability. Specifically, the controller effectively accommodates variations in road adhesion and driving scenarios, maintaining accurate tracking performance and stable vehicle dynamics, which confirms its suitability for complex and changing operating environments.





5. Conclusions


This study proposed an integrated longitudinal–lateral vehicle stability control framework that combines adaptive fractional power speed control with resistance compensation and a neural sliding mode yaw stability controller. A dual UKF-based scheme was designed to estimate the TRFC, enabling accurate generation of reference yaw rate and sideslip angle under varying road conditions. Simulation results demonstrate that the proposed approach achieves superior speed tracking performance, improved yaw stability, and reduced sideslip deviations compared with conventional methods. The controller maintains robust performance despite strong nonlinearities, parameter uncertainties, and longitudinal–lateral coupling effects, highlighting its strong adaptability and robustness. Future work will focus on extending the proposed framework to cover a broader spectrum of road conditions, including intermediate friction levels and abrupt changes in tire–road friction coefficients. Additionally, sensitivity analysis and advanced optimization methods will be implemented to refine the parameters of the adaptive fractional power speed controller, ensuring optimal performance across diverse scenarios. This will include real-time experimental validation with actual vehicles, consideration of actuator limitations and communication delays, and further enhancement of adaptability through online learning strategies to cope with highly dynamic and uncertain driving environments.
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Figure 1. The four-wheel model. 
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Figure 2. The 2DOF model. 
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Figure 3. The TRFC estimation scheme. 
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Figure 4. The integrated longitudinal–lateral coordinated stability control framework. 
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Figure 5. The steering wheel angle on a dry asphalt road. 
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Figure 6. The longitudinal tire forces of four wheels on a dry asphalt road. 
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Figure 7. The TRFC on a dry asphalt road. 
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Figure 8. The vehicle velocity on a dry asphalt road. 
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Figure 9. The yaw rate on a dry asphalt road. 
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Figure 10. The beta on a dry asphalt road. 
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Figure 11. The four tire torque on a dry asphalt road. 
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Figure 12. The steering wheel angle on an icy, snowy road. 
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Figure 13. The longitudinal tire forces of four wheels on an icy, snowy road. 
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Figure 14. The TRFC on an icy, snowy road. 






Figure 14. The TRFC on an icy, snowy road.
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Figure 15. The vehicle velocity on an icy, snowy road. 






Figure 15. The vehicle velocity on an icy, snowy road.



[image: Actuators 15 00117 g015]







[image: Actuators 15 00117 g016] 





Figure 16. The yaw rate on an icy, snowy road. 






Figure 16. The yaw rate on an icy, snowy road.
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Figure 17. The beta on an icy, snowy road. 






Figure 17. The beta on an icy, snowy road.
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Figure 18. The four tire torque on an icy, snowy road. 






Figure 18. The four tire torque on an icy, snowy road.
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Table 1. Topology of the proposed MLP-Mixer network.






Table 1. Topology of the proposed MLP-Mixer network.





	Layer Type
	Neurons
	Activation





	Input
	8
	-



	Fully connected (Projection)
	128
	-



	Mixer Block 1 (FC–ReLU–FC + Residual)
	128
	ReLU



	Mixer Block 1 (FC–ReLU–FC + Residual)
	128
	ReLU



	Fully connected
	64
	ReLU



	Fully connected (Output)
	1
	Linear










 





Table 2. The parameters of the vehicle model.






Table 2. The parameters of the vehicle model.





	Symbol
	Value
	Symbol
	Value





	  m  
	1410 kg
	Iz
	1536.7 kg·m2



	  a  
	1.015 m
	  b  
	1.895 m



	  h  
	0.54 m
	    T f    
	1.675 m



	    T r    
	1.675 m
	    R w    
	0.325 m










 





Table 3. The RMSE of the vehicle state on a dry asphalt road.






Table 3. The RMSE of the vehicle state on a dry asphalt road.





	Methods
	Beta (deg)
	Yaw Rate (deg/s)





	LQR
	0.167
	4.977



	SMC + MLP
	0.092
	2.775










 





Table 4. The RMSE of the vehicle state on an icy, snowy road.






Table 4. The RMSE of the vehicle state on an icy, snowy road.





	Methods
	Beta (deg)
	Yaw Rate (deg/s)





	LQR
	0.4748
	1.4722



	SMC + MLP
	0.0669
	1.2425










 





Table 5. The RMSE of the vehicle state on a road with TRFC = 0.4.






Table 5. The RMSE of the vehicle state on a road with TRFC = 0.4.





	Methods
	Beta (deg)
	Yaw Rate (deg/s)





	LQR
	0.3913
	1.6920



	SMC + MLP
	0.2348
	1.2237
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