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Abstract: Distributed drive electric vehicles (DDEVs) feature redundant actuators, offering enhanced control flexibility.
To address the trajectory tracking problem in complicated nonlinear system with strong coupling of actuators, this paper
proposes a model-free reinforcement learning-based tracking strategy within High- order Fully Actuated (HOFA) system
framework. The proposed method integrates feedforward and feedback control. Specifically, a direct parametric design
of HOFA system as the feedforward control law, while the feedback control law is obtained by approximating the value
function using a neural network. The neural network weights are updated based on the Bellman error and least squares
method, ensuring system stability while approximating the optimal control strategy. Simulation results demonstrate that
the proposed control method enables smooth and accurate trajectory tracking, validating its effectiveness in improving
vehicle stability and path-following performance.
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1. INTRODUCTION

In nonlinear system control, the classical optimal con-
trol theory typically relies on solving the Hamilton-
Jacobi-Bellman (HJB) equation [1]. However, distributed
drive electric vehicles (DDEVs) are characterized by
multiple actuators, strong coupling, and complex nonlin-
ear dynamics, making model predictive approach [2] [3]
the predominant approach among researchers for optimal
control. Recently, neural network-based approximation
methods have gained significant attention, enabling the
adaptive numerical solution of feedback control problems
[4] [5]. This advancement has also contributed to the
growing application of reinforcement learning (RL) tech-
niques, which have emerged as a promising trend in the
field.

These studies focus on developing advanced control
strategies to improve vehicle performance and safety. [6]
proposes a hierarchical control framework that prioritizes
handling stability while minimizing energy loss, opti-
mizing the trade-off between stability and efficiency in
DDEVs control. Similarly, [7] designs a slip rate control
system to enhance traction and prevent slipping across
various road conditions. [8] introduces a control chan-
nel recombination method, transforming an overactuated
system into a standard square system to improve com-
patibility and control efficiency. [9] investigates collision
avoidance strategies for DDEVs with controlled longitu-
dinal speed, emphasizing accident prevention and safety
enhancement. Furthermore, [10] presents a method to re-
duce tire slip energy while ensuring vehicle stability, em-
ploying the C/GMRES algorithm for efficient and rapid
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control allocation. [11] explores the integration of elec-
tromechanical systems in DDEVs traction control, im-
proving overall system performance and efficiency.

In 2020, G.R Duan elaborated on robust control, adap-
tive control, and optimal control methods for high-Order
fully actuated (HOFA) system [12] [13] [14]. It is
well understood that designing additional control inputs
within a fully actuated system can mitigate uncertain-
ties, disturbances, and faults [15]. However, in complex
DDEVs systems, strong nonlinearities and significant un-
certainties pose major challenges for control design. To
address these issues, researchers have developed sophis-
ticated algorithms to achieve coordinated control of vehi-
cle stability and path tracking. However, such complexity
also increases the risk of control system bugs.

The main contributions of this paper are as follows:
1. A reinforcement learning-based approach is intro-
duced to handle uncertainties in fully actuated systems,
eliminating the need for explicit system dynamics mod-
eling through iterative learning.
2. The actor-critic framework is employed for partial dy-
namics approximation.
3. A fully actuated system transformation is applied to
DDEVs, incorporating path tracking as the primary driv-
ing objective.

2. DIRECT PARAMETERIZATION
METHOD BASED FEEDFORWARD

TRACKING CONTROLLER
2.1. Vehicle HOFA model

The physical characteristics of the HOFA require that
the derivative term has directly related properties. Con-
sider establishing a vehicle motion equation into the
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Fig. 1: Vehicle dynamical model

HOFA model, which includes a path tracking model and
a vehicle dynamics model.

As shown in Fig.1, the geometric relationship of vehi-
cle motion is presented, where ey and eε represent the lat-
eral error and heading angle error of the projection point,
respectively. β and γ respectively represent the lateral
deviation angle and yaw rate of the center of mass, vx
is the longitudinal vehicle speed, and ρ is the expected
curvature of the projection point.

{
ėy = vxeε + vxβ

ėε = γ − ρT (σ)vx
(1)

Correspondingly, a two degree of freedom vehicle dy-
namics model is constructed, in which the lateral force
can be represented by the tire lateral stiffness and lat-
eral angle, and a linear steady system is considered under
small turning angles

[
β̇
γ̇

]
= A

[
β
γ

]
+B

[
δ
Mz

]
(2)

where

A =

[
Cf+Cr

mvx

lfCf−lrCr

mv2
x

− 1
lfCf−lrCr

Iz

lf
2Cf+lr

2Cr

Izvx

]
B =

[
− Cf

mvx
0

− lfCf

Iz
1
Iz

]

lf and lr represent distances of front and rear axles from
the center of mass, respectively. δf and Mz are control
inputs for front steering angle and direct yaw moment.

Consider constructing the following HOFA system:

x(n) = f +∆f + gu (3)

Combining (1) and (2), the vehicle HOFA model can be
described as:

ẍ = HT (x, ζ, ξ, t)θ + q(x, ζ, ξ, t) + gu (4)

where x = [ed, ε]
T , ζ = [β, γ]T , ξ is other time-varying
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Fig. 2: control scheme

term, θ is an arbitrary constant.

H11 =
(ζ1
m

+
ζ2lf
mvx

)
Cf , H12 =

(ζ1
m

− ζ2lr
mvx

)
Cr,

H21 =
( lfζ1

Iz
+

ζ2lf
2

Izvx

)
Cf , H22 =

(ζ2lr2
Izvx

− lrζ1
Iz

)
Cr

q1 = v̇x(eϕ + ζ1)− ρT (σ)vx
2

q2 = − ˙ρT (σ)vx − ρT (σ)v̇x

g11 = −Cf

m
, g12 = 0, g21 = − lfCf

Iz
, g22 =

1

Iz

2.2. Direct parameterization method
Consider using the following controller for (5):
uc =−G−1(u1 + u2)

u1 =HT (x, ζ, ξ, t)θ + q(x, ζ, ξ, t)

u2 =[A0 A1][x ẋ]T +Gv

(5)

where v is an external input signal. with det(V ) ̸= 0,
the multi parameter range of Z and F provides reliable
trajectory tracking performance for the gain Ai.

Based on HOFA system (9) and (10), consider the fol-
lowing closed-loop system:

ż = Φ(A0−1)z +Bv (6)

where z = [x, ẋ]T , B = [02×1, g]
T .

Therefore, the following feedforward trajectory is de-
fined

ża = Φ(A0−1)za (7)

this trajectory corresponds to input uc. the feedback con-
trol designed next has the same effect as v.

3. MODEL-FREE REINFORCEMENT
LEARNING ALGORITHM BASED

HOFA MODEL FEEDBACK
CONTROLLER

In this section, a reinforcement learning-based control
strategy is proposed to compensate for system uncertain-
ties as much as possible, as illustrated in Fig.2.
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3.1. Policy Iteration Algorithm Based on Fully Actu-
ated System

we propose a new model-free reinforcement learning
that utilizes the HOFA feedforward trajectory.

For system (12), the actual z can be decoupled from
two different trajectories, one is the direct parameteriza-
tion trajectory and the other is e = z − za. By using
low-level expression of (9) and (12), the following error
dynamics can be obtained

ė = F (z)− Φ(A0−1)za +Gv (8)

where

F (z) =

[
02×1

HT (x, ζ, ξ, t)θ + q(x, ζ, ξ, t)

]
, G =

[
02×1

g

]
Define the augmented state as X = col(za, e) Then, the
augmented system can be written as follows:

Ẋ = F (X) + Ĝv (9)

where

F (X) =

[
Φ(A0−1)za

F (e+ za)− Φ(A0−1)za

]
, Ĝ =

[
04×1

G

]
3.2. Actor-Critic Neural Network Structure Approx-

imation of Value Function
This section will introduce specific algorithm explana-

tions for reinforcement learning.
At policy evaluation step, integrating (17) over [t, t +

T ] along system (14) with µ̃i(X) = µi−1(X) yields

Ṽi(X(t+ T ))− Ṽi(X(t)) +

∫ t+T

t

r̃i(τ) dτ = 0 (10)

At policy improvement step, an updated strategy is as
follows

µ̃i+1(X) = −1

2
R−1G⊤ ∂Ṽi

∂X
(11)

The final strategy µ̃i(X) can converge to µ∗, resulting in

J = V ∗(X) = min
u∈A

∫ ∞

0

r(τ) dτ

As shown in Fig.2, by considering the following neural
network approximations for policy evaluation and policy
improvement, they represent actor and critic respectively.

The corresponding strategy evaluation can be approx-
imated by the following neural network.

Ṽ (X) =

L∑
j=1

ωjϕj(X) = (wc)
T νc(X) (12)

where νc denotes the activation function, wc denotes the
weight vector. Thus, by combining (18) and (20), it can
be expressed as follows

(wc)
T νc(X(t)) =

∫ t+T

t

r̃i(τ) dτ

+ (wc)
T νc(X(t+ T ))

(13)

Due to the approximation of the value function
through neural networks, the following Bellman error can
be constructed

δ(X(t), T ) =

∫ t+T

t

r(τ)dτ + (ŵi
c)

T

× [νc(X(t+ T ))− νc(X(t))]

(14)

By using the Bellman error, the weights of the neural
network can be learned, and for (19), the following itera-
tive strategy can be obtained

ui+1(X) = −1

2
R−1gT∇νTc (X)ŵi

c (15)

From the above, it can be found that the neural network
weights of actors and critics are consistent, which enables
the value function of Bellman error update to solve the
optimal control strategy

The following applies the recursive least square
method to update the weights of the critic neural network.

ŵc = −Kδ

K = PΦ

Ṗ = − PΦΦTP

1 + ΦTPΦ

(16)

where
Φ = νc(X(t+ T ))− νc(X(t))

and P represents matrix gain.
Based on the above analysis, we can address the fol-

lowing optimal regulation problem.

Minimize :J =

∫ ∞

0

xTQx+ uTRudτ

Subject to :Ẋ = F (X) +Gv

(17)

The torque distribution for maintaining vehicle speed and
additional yaw moment under longitudinal speed require-
ments is as follows

Td = Kp(vxref − vx) +Ki

∫ ∞

0

(vxref − vx)dt (18)

Tfl =
1

4
Td −

MzRw

2lw
, Tfr =

1

4
Td +

MzRw

2lw

Trl =
1

4
Td −

MzRw

2lw
, Trr =

1

4
Td +

MzRw

2lw

(19)

4. SIMULATION AND ANALYSIS
To validate the effectiveness of the proposed reinforce-

ment learning-based control strategy and ensure the de-
sired path tracking performance of the DDEVs, simula-
tions were conducted under specific road conditions. The
road surface adhesion coefficient was set to 0.85, with
a target driving speed of 72 km/h following a single-
lane change trajectory. A feedforward-feedback control
approach was adopted, where the feedforward compo-
nent was designed with appropriate tracking parameters.
Through repeated iterations, the tracking accuracy was
continuously improved by adjusting the lateral position
and yaw angle.

400



Fig. 3: Lateral trajectory

5. SIMULATIONS AND ANALYSIS
The learning performance is illustrated in Fig. 3 and

Fig. 4. It can be observed that the fully actuated feedfor-
ward control, as the initial 0th iteration, maintains a rough
trajectory-tracking effect. As the number of iterations in-
creases, significant trajectory oscillations appear between
the first and fifth iterations. This is due to the neural
network initially exploring within a wide weight range.
However, since the control update follows the gradient di-
rection of the value function, the vehicle trajectory grad-
ually converges to the reference path around the 15th it-
eration. By the 23rd iteration, marked by the star-shaped
line, the trajectory successfully tracks the desired route.
In the early phase before 2.5s, the vehicle maintains a sta-
ble left-lane change. Fig. 5 further confirms that the to-
tal cost function progressively decreases, demonstrating
the effectiveness of the proposed reinforcement learning-
based control strategy.
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