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Abstract. This paper proposes a modular and generic architecture to deal with
Global Chassis Control. Reinforcement learning is coupled with intelligent PID
controllers and an optimal tire effort allocation algorithm to obtain a general,
robust, adaptable, efficient and safe control architecture for any kind of automated
wheeled vehicle.

1 Introduction
In the last years a huge effort has been made both in industrial and academic environments to develop advanced driving assistance systems (ADAS). As a result of this,
several embedded control systems are already on board commercial vehicles: Adaptive Cruise Control, Lane Keeping or automatic Parking Assist systems. Most of these
systems seek to solve a specific problem by considering a particular set of car actuators -active suspensions, brakes, traction torques and steering angles of each wheel.
However, since the number of ADAS is significantly increasing, a global and modular
control architecture should be considered to rationalize and, if necessary priorize, the
use of all these actuators. Moreover, since energetic efficiency is nowadays one of the
most challenging issues for any Intelligent Transportation System (ITS), this architecture should be oriented towards an optimal use of vehicle resources.
In the past, works like [1], [4] have proposed different variants of a Global Chassis
Control (GCC). However, in all these cases the proposed architecture considered only
security functions (ESP or ABS like systems). To the best of our knowledge, the only
commercial system that introduces a general framework for an optimal use of vehicle
actuators is Toyota VDIM (Vehicle Dynamics Integrated Management, [5]), but it let
the driver to decide whether to enable or not in very specific situations. Moreover, it
does not allow the possibility to communicate with other vehicles (V2V) or with the
infrastructure (V2I). In other words, fully automated driving was not considered in none
of these cases.
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This paper presents a modular control architecture for automated vehicles to fill this
gap. Figure 1 schematizes an adaptation of the classical robotics paradigm perceptionreasoning-action to the automatic driving context. The key issues of this contribution
are located at the reasoning part, where a first work division exist at the highest level:
planning and control. The planning phase will be in charge of deciding the geometrical path to track and the reference speed for each situation. To achieve such a task, all
on-board sensors and V2V/V2I communication based information will be intelligently
fused -perception stage- to interpret vehicle dynamics in its environment -road state,
weather conditions, traffic. From these inputs, the planner will generate adequate references to the most relevant dynamic variables for vehicle handling. From this point, the

Fig. 1. Modular control architecture for automated vehicles

control layer will decide the best control action for each actuator. This modular control
scheme fulfills five fundamental exigences for fully autonomous driving, that are nowadays hot topics for the ITS community and will be detailed in the following sections:
efficiency, generality, adaptability, robustness and safety.
The remainder of the article is organized as follows. The basis of the allocation algorithm will be described in 2, where optimality (and therefore efficiency) issues will be
discussed. Section 3 will be devoted to briefly highlight the generality of the proposed
architecture. Adaptability, robustness, efficiency and safety aspects will be briefly discussed in Sections 4, 5, 6 and 7, respectively. Finally some concluding remarks will be
drawn

2 A Modular Architecture: From Chassis to Tyres
The modular control architecture schematized in Fig. 1 can be reinterpreted as a
sequence of tasks, as depicted in Fig. 2. Thus, from driver inputs (generally, brake,
throttle and steering angle) and taking into account the perceived information from the
environment (road state, weather conditions, surrounding vehicles...), a path and trajectory planner quantifies the vehicle targets, and finally the global control scheme comes
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Fig. 2. Flowchart of the proposed control architecture

into the scene. In the latter, a three layer bidirectional flowchart is used to react as precisely and efficiently to the targets defined in the first two layers.
Firstly, an virtual feedback control loop is set to track the three most influent variables in vehicle dynamics: longitudinal velocity Vx , lateral velocity Vy and yaw rate ψ̇ .
Thereafter, the required force and moment in the center of gravity is distributed by an
optimal allocation algorithm to the tires. Finally the resulting angles and traction forces
for each wheel are controlled by local controllers of each available actuator.
2.1 Virtual Feedback Control for Global Chassis Control
As previously mentioned, this first loop determines the necessary efforts (Fx and Fy ) and
torque (Mz ) at the center of gravity to track the pre-computed Vx , Vy and ψ̇ references.
To that end, Newton’s second law of motion
V̇xre f =

1
1
1
Fx , V̇yre f = Fy , ψ̇re f = Mz
M
M
Iz

(1)

where M and Iz are the mass and the inertia moment of the vehicle. Since equation
(1) is to simplistic to accurately describe vehicle’s motion, three SISO robust feedback
controllers (ux , uy , uψ ) are added to compensate in finite time the divergences between
the references and the measured values Vx , Vy and ψ̇
ux = Fx = MV̇xre f + i-PID(ex ), ex = Vxre f − Vx
uy = Fx = MV̇yre f + i-PID(ey ), ey = Vyre f − Vy
uψ = Mz = Iz ψ̈re f + i-PID(ey ), eψ = ψ̇re f − ψ̇
being i-PID a robust and efficient control technique that is detailed in Section 5.

(2)
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2.2 Optimal Effort Distribution
According to [3], the best solution to this problem is obtained by collectively minimizing the instantaneous friction coefficient γi of all wheels

γi =


Fx2i + Fx2i
Fzi

, i = 1...4

where Fzi is the vertical load of each wheel. Therefore, the minimizing problem can
be expressed by normalizing a uniform γ = γi , ı = . . . 4 with the sum of the requested
moment M0 and efforts F0
γ
min
qi ,γ lF0 + M0
where l is the wheelbase and qi are the angles between the vertical mid-plane of each
wheel and the resulting tire-road effort vector at the centre of that wheel.
Since this particular problem did not provide satisfying results for a certain number of situations where a supplementary degree of flexibility was necessary, a different
optimization problem has been considered
∑i (γi − γ̄ )
, γ̄ = ∑ γi
lF0 + M0
i
2

min
qi ,γi

(3)

A simplified SQP algorithm is applied to solve (3) in real time with the aim of finding
the optimal values of γi and qi at each wheel, that fulfill the following expressions
Fxi = γ Fzi cos(qi + θ )
Fyi = γ Fzi sin(qi + θ )
which provide the required traction efforts at each wheel Fxi . Finally, the steering angles
αi are obtained via the Brush model [6]


κs −κi sin(qi + θ )
κα 1 − κi cos(qi + θ )

1
3Fi 
1 − (1 − γ ) 3
κi =
κs
α = tan−1



where κs is the slip stiffness and κα the cornering stiffness Figure 3 shows two different
situations in a 4 wheel driven and steering car (4WS), where the wheel on each load
is different (the magenta dashed circles have the same radius). The vehicle is schematically represented in an aerial view, where the target effort torsor is represented in the
gravity center by a circle arc representing M0 and an arrow of magnitude and orientation
given by Fx ana Fy . Note that while in the first case, the vehicle attains the maximum
grip margin (γi = 1, i = 1 . . . 4), in the second one the efforts distribution is more comfortable and only a 73% of the tire potential is used.
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Fig. 3. Examples of efforts allocation with the same load distribution, but with different targets

3 Generality
The proposed control architecture is conceived in such a way that any control technique
can be used in both the local and the high level virtual controllers. Moreover, a supplementary feedforward controller can complement the chosen feedback control law (see
for instance [8]) The generality is not only related to the architecture modularity, but

Fig. 4. Flowchart for an ESP in a 4WS vehicle (left) and a Lane Keeping in an AFS car (right)

also to the wide range of application it is useful for. In this connection, Fig. 4 shows how
the generic flowchart presented in Fig. 2 may be adapted to two different ADAS with
completely different actuator configurations: an ESP-like control for a 4WS vehicle and
a Lane Keeping System for a Active Front Steering (AFS) vehicle.
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4 Adaptability
Reinforcement Learning [10] permits to adapt on-line the controller parameters to the
driver and to the vehicle. As a result, the control layer is able to adapt information provided by the driver (maximum desired velocity, acceleration, suspension behavior...) to
each vehicle capabilities at any moment of its lifetime cycle. Figure 5 shows the basis of

.
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Fig. 5. Reinforcement learning scheme for Global Chassis Control

our on-line learning based control scheme. A critic learns how controller act optimally
by intelligently recovering feedbacks from the environment so that desirable actions
are reinforced and vice versa. To that end, 12 parameters of virtual control equations(4
control parameters for each one of the 3 degrees of freedom) are continuously tuned to
adapt to pre-learnt situations. As a consequence of this, a self learning driver cognition
model is transformed into an optimal control problem.

5 Robustness
Tyre and brake wear, pressure, temperature and many other factors decisively influences the dynamic behavior of a vehicle. Such effects are extremely difficult to model,
and when a model is available it is not tractable for control based algorithms. Alternatively, robust model based solutions have been tested but they are not always efficient
enough, because it is not easy to quantify all the unmodeled dynamics or the parametric
uncertainty.
To solve this complex problem, a trajectory tracking based control, and somehow
independent of the model, seems an interesting alternative to the aforementioned techniques. Therefore, intelligent PID (i-PID) controllers are used in this work because they
combine the well-known PID structure with an “intelligent” term [2] that compensates
the effects of nonlinear dynamics, disturbances or uncertain parameters.
As given in [2,9], a finite dimension nonlinear system can be written locally as
y( μ ) = F + α u

(4)

where α ∈ R and μ ∈ N are two constant parameters, which do not necessarily represent
a physical magnitude, and whose choice is based on the following guidelines
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– μ is usually 1 o 2, and it may represent the system order, but not necessarily.
– α should allow F and α u to be of the same order of magnitude.
– The term F is a sort of non-linear black box identifier [2]
If equation (4) is inverted and merged with a PID controller, the resulting i-PID control
law yields (see Fig. 6 to clarify how each term is interconnected)
u=


1
V̇s − F + KP e + KI
α

e + KD

de
dt, e = yr − y
dt

(5)

where KP , KI and KD ∈ R+ are PID tuned gains and yr is a smoothed reference.
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Fig. 6. i-PID control scheme

6 Efficiency
Since the optimization algorithm detailed in Section 2 takes into account the
available sensors and actuators, a considerable improvement on energy consumption
can be achieved. As a result, this modular architecture is specially interesting for fully
actuated electric vehicles, not only in terms of energetic efficiency, but also concerning the maximum resultant forces and moments that can be handled by a vehicle. To
reinforce this idea, Ono and coworkers [3] showed that with a very similar architecture
the latter could be enhanced in a 18% if the vehicle was 4WS instead of a conventional
one.

7 Safety
The presented control allocation scheme, based in the general architecture showed in
Fig. 1 facilitates fault tolerant control [7] in case the on board diagnosis tools detects
dysfunctional sensors or actuators. Figure 7 shows the basis of a fault tolerant scheme
adapted to our GCC architecture, where some critic variables are on-line estimated to
evaluate wether residuals are significant or not to adopt a control reconfiguration. If
a failure is detected, the effort allocation stage takes into account the dysfunctional
componentes to distribute the targets among the properly working actuators.
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Fig. 7. Fault tolerant control for an effort allocation based control scheme

8 Concluding Remarks
A modular and generic architecture has been proposed to deal with Global Chassis Control. Different techniques are combined to provide generality, robustness, adaptability,
efficiency and safety to the control architecture of any kind of wheeled vehicle. The
proposed architecture is being evaluated with a realistic simulator (specially the reinforcement learning part). Moreover, the first experimental results will be soon available
for very different vehicles.
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