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Abstract In Electric Vehicles (EVs) with multiple mo-

tors, Torque Vectoring (TV) Control can effectively en-

hance the cornering response and safety. Moreover, TV

systems can also improve the overall efficiency through

an optimal torque distribution that also considers the

power consumption. For such a complex control system

with multiple objectives, intelligent control techniques

have demonstrated to be one of the best alternatives.

However, the works proposed in the literature do not

handle both vehicle dynamics behaviour and energy ef-

ficiency, and generally do not consider the real-time im-

plementability of the developed controllers.

To overcome the aforementioned issues, in this work

a novel Torque Vectoring approach is proposed, which

uses a Neural Network based vertical tire forces estima-

tor and considers the regenerative braking capabilities

of EVs. Moreover, the implementability of the controller

in a hetereogenous (FPGA and microcontroller) auto-

motive suitable System on Chip (SoC) is addressed, en-

suring its real-time capabilities.

For the sake of validating the proposed approach,

a set of experiments have been carried out in a Hard-

ware in the Loop (HiL) setup. The performance of the
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proposed TV approach has been compared with other

two TV approaches from the literature, evaluating them

in several challenging manoeuvres in high and low tire-

road friction coefficient scenarios. Results show that the

proposed approach not only is able to enhance the vehi-

cle dynamics behaviour but also to decrease the energy

consumption about 13%.

Keywords Electric vehicles · Torque Vectoring ·
Neural Networks · Intelligent Control · FPGA

1 Introduction

Safety is a critical issue in the automotive control field.

The well-known Advanced Driver Assistance Systems

(ADAS), such as Traction Control System (TCS) [26],
Antilock Braking System (ABS) [26] and Electronic

Stability Program (ESP) [27] are focused on enhanc-

ing the dynamics capabilities of vehicles, so that the

driver does not lose control in extreme conditions.

With the increase on the level of automation of ve-

hicles, several approaches to enhance the dynamic ca-

pabilities of the vehicle have been proposed in recent

years, such as the 4-wheel steering system (4WS), the

active suspension systems or Torque Vectoring (TV)

approaches [50]. While the first two have been exclu-

sive to top-end vehicles due to their cost and hardware

requirements, interest on Torque Vectoring approaches

has increased significantly in recent years due to the

electrification of transportation systems.

Torque Vectoring approaches are based on the same

principles of the well-known commercially implemented

ESP [27]. This is, the main objective is to control the

yaw moment of the vehicle (i.e., its rotation around the

vertical axis) [11]. However, instead of using the brakes

as actuators, as in the case of the ESP, TV approaches



2 Alberto Parra et al.

are based on providing an individual torque (both trac-

tive or braking) to the actuated wheels of the vehicle

[6].

The implementation of TV approaches in internal

combustion engine vehicles is complex, as the torque

is generated by a single motor, and elements such as

sophisticated mechanical differentials [51] are required

to transmit the required torque to each wheel. How-

ever, the development of Electric Vehicles (EV) implies

a paradigm change when defining powertrain topolo-

gies, allowing different topologies from a single motor

with a mechanical differential to individual motors per

wheel. This latter implementation allows improvements

in terms of efficiency, packaging and vehicle dynamics,

as the torque exerted in each wheel can be controlled

[10]. Hence, TV approaches can be implemented with-

out extra elements, to enhance the vehicle dynamics

response and its safety [3].

Fig 1 shows the structure of a typical TV controller

for EVs with multiple motors [21]. It consists of three

layers: 1) a reference generator, which provides the tar-

get dynamic behaviour of the vehicle. This reference

(for instance, the reference yaw rate (rref )) is calculated

by considering the driver inputs (steering wheel angle

(δ)) and the vehicle states (e.g. vehicle speed (V ), lon-

gitudinal acceleration (aX)); 2) A high-level controller,

which generates the overall traction/braking force de-

mand (F cX) and yaw moment (M c
z ) demand, consider-

ing the reference values generated in Layer 1, the driver

inputs (steering wheel angle (δ), pedals position (ρa and

ρb)) and the vehicle states (e.g., vehicle speed (V ), lon-

gitudinal and lateral accelerations (aX , aY )); 3) A low-

level controller, which calculates the reference torques

(τd,i) for the individual wheels or motors considering

different vehicle states and parameters (Θ).

In the literature, the yaw rate reference generator

associated to Layer 1 is usually implemented consider-

ing desired understeering characteristics [20] [19] and/or

including energy efficiency considerations [21]. The gen-

erated yaw rate reference is then compared with the

measured yaw rate (by an Inertial Measurement Unit

(IMU)), in order to calculate the desired direct yaw

moment [3]. It should be noted that the vehicle sideslip

angle, which can be measured or estimated [23], is usu-

ally also considered [22].

Regarding the high-level controller (Layer 2) differ-

ent approaches have been proposed. The simpler ones,

such as the ones based on Proportional Integral Deriva-

tive controllers (PID), demonstrate good performance

in steady-state conditions [3]. More complex control

techniques, such as Linear Parameter Varying Control

(LPV) [14], Sliding Mode Control (SMC) [12][32] or

Nonlinear Model Predictive Control (NMPC) [15] pro-

vide better results both in steady-state conditions and

in transient conditions. However, the latter usually im-

plies higher computational cost and present higher model

dependency, limiting their performance if proper mod-

elling is not carried out. Hence, to reduce model depen-

dency while maintaining the performance, Intelligent

Control Approaches, such as Neural Networks (NN) [16]

or Fuzzy logic systems [7], have been considered. In par-

ticular, the human knowledge-based tuning process of

fuzzy logic based controllers and their ability to handle

multiobjective control systems [28] make them a very

suitable option for this kind of applications [46][7].

Finally, the control allocator subsystem (Layer 3)

is the responsible of generating the exact motor torque

commands to fulfil the traction/braking force (F cx) and

Yaw Moment (M c
z ) requirements. In EVs with multi-

motor powertrain both can be achieved with several

combinations of torque commands at the different wheels

[37][21].

Most of the aforementioned TV approaches are fo-

cused on enhancing vehicle dynamics. However, in the

particular case of EVs, energy efficiency is a critical

issue. Increasing their limited driving range is one of

the main goals of the industry. In this sense, Torque

Vectoring approaches can significantly impact energy

consumption, as they are responsible for controlling the

amount of torque transmitted to each wheel. Therefore,

recently interest in including energy efficiency terms

in Torque Vectoring approaches has arisen [21,33,34].

However, research on TV approaches that increase the

efficiency of the vehicle is still an open and active area.

When considering efficiency in TV approaches, two

approaches have been considered. First, the use of the

regenerative braking that electric motors allow. And

second, reducing the powertrain losses, and particu-

larly, the tire power losses. For this later purpose, con-

sidering the vertical tire forces is mandatory in the TV

strategy. Note that knowing which tire has more load,

and therefore more grip, is important when consider-

ing the torque distribution in a TV strategy to avoid

slip. Tire forces are also related with the cornering re-

sponse of the vehicle, thus, they are a crucial element

in vehicle dynamics. However, estimating tire forces is

not an easy task. Among the approaches proposed to

estimate them, the most common one is the use of es-

timators based on tire models, such as the linear tire

model [17], Dugoffs model [18], or semiempirical models

such as the Pacejka’s tire model [5]. Intelligent mod-

elling approaches have also been proposed, which re-

duce the need for knowing the complex tire dynam-

ics, and even allow model adaptation [25,24]. For in-

stance, in [25] a longitudinal, lateral and vertical tire

force estimator based on fuzzy logic [8] is used, which re-
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Fig. 1: Typical TV structure for EVs

quires the slip angle estimation to operate and provides

high correlation. And, in [24], Neural Networks, Ex-

tended Kalman Filters and Reursive Least Squares ap-

proaches are combined to estimate tire lateral force and

grip potential identification even in aggressive manoeu-

vres. Both approaches provide more accurate estima-

tions compared with traditional approaches in a simu-

lated environment, although their applicability presents

some inconveniences, as they require variables difficult

to measure in reality, i.e., that require other estimators.

Finally, implementability is a key issue when analyz-

ing a TV approach to the automotive industry. First, a

balance between performance and computational/ eco-

nomical cost has to be achieved if the proposed algo-

rithm is to be implemented. However, most of the afore-

mentioned works do not consider these issues such as

computational cost, hardware limitations or real-time

capabilities. In order to overcome this issue, a diversity

of heterogeneous platforms offering vast computational

power is appearing on the market, including multiple

cores, Field Programmable Gate Array (FPGA) logic,

and Graphic Processing Units (GPU). In this sense,

these new devices are demonstrating their capability for

running complex artificial intelligence-based algorithms

in real-time, being the FPGAs the most suitable device

for neural networks based estimators for this specific ap-

plication [36]. Second, as previously stated, some of the

proposed approaches are based on variables which are

very difficult to measure in practice, which effectively

compromises their performance and implementability

in real vehicles, as more complex estimators are needed.

From the aforementioned analysis, it can be con-

cluded that there is still a lack of TV approaches that

handle both vehicle dynamics behaviour and energy ef-

ficiency, and can be implemented in real-time consider-

ing the cost limitations of vehicle manufacturers.

To address all the aforementioned issues, in this

work an intelligent control TV approach is proposed,

which combines a fuzzy yaw moment controller, as the

one proposed in [13]; a novel Neural Network based ver-

tical tire forces estimator; and a regenerative braking

contribution term. The proposed approach allows to en-

hance both dynamics behaviour and energy efficiency,

while also a methodology for it’s implementation in a

heterogeneous embedded platform (µC+FPGA) suit-

able for automotive applications is developed and pre-

sented. Finally, a thorough validation is carried out by

comparing the performance of the controller with two

benchmark approaches from the literature in a Hardware-

in-the-Loop (HiL) setup, allowing to demonstrate the

effectiveness of the approach in a close-to-real scenario

[2] [52].

The proposed control approach is an evolution of a

previous study carried out by the authors in [13], and

presents the following main contributions with respect

to the existing literature and the previous work:

– The proposed intelligent TV approach enhances both

dynamics behaviour and energy efficiency, by the in-

clusion of a regenerative braking contribution term

in the structure of the TV approach.

– A novel Neural-Network based vertical tire forces

estimator is proposed, which can be implemented

in FPGA for real-time performance, and provides

tire information to the TV approach, so that more

torque can be transmitted to those tires with more

grip, enhancing both vehicle dynamics and energy

efficiency

– A methodology for the FPGA implementation of the

tire forces estimator, in order to overcome possible

hardware limitations.

– An exhaustive Hardware-in-the-loop validation pro-

cedure and analysis, which evaluates the dynamic

and time performance of the proposed approach in

comparison with two benchmarks controllers from

the literature: a PID-based controller [3] and a Sec-

ond Order Sliding Mode Controller [32].
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The rest of the paper is divided as follows. In Section

II the proposed Intelligent Torque Vectoring system is

detailed. Section III describes the implementation and

validation of the novel Neural Network tire force esti-

mator. Section IV details the validation framework and

methodology, where the selected manoeuvres, vehicle

model and TV systems to be evaluated are detailed.

Section V summarizes and analyzes the validation re-

sults. Finally, the conclusions are summarized in section

VI.

2 Intelligent Torque Vectoring Control

The overall structure of the proposed TV approach can

be seen in Fig. 2. According to Fig. 1, three layers can

be found. Layer 1 provides the yaw rate reference, while

Layer 2 is composed by the Fuzzy Yaw Moment Con-

troller (which generates the lateral torque distribution

command) and by the longitudinal torque distribution

strategy (Vertical Tire Forces estimation and Longi-

tudinal Torque Distribution Algorithm). Both torque

distribution setpoints are combined in the regenerative

braking contribution subsystem, to finally, in Layer 3,

calculate the exact torque to be applied to each motor.

Each of these subsystems are detailed next.

Fig. 2: Proposed TV approach structure

2.1 Yaw Rate reference generator

The Yaw Rate reference generator calculates the rota-

tional speed along the vertical axis needed for the cur-

rent vehicle state. This way, if the yaw rate reference is

lower than the current value, it means that the vehicle is

turning excessively along his vertical axis. Therefore, a

stabilizing yaw moment has to be performed to avoid a

possible stability loss due to an oversteering behaviour.

On the other hand, if the yaw rate reference is higher

than the current measured value, a destabilizing yaw

moment that helps the vehicle to turn and reduce the

understeering has to be performed. Depending on the

type of applied yaw moment (stabilizing or destabiliz-

ing) the vehicle behaviour can be completely modified.

Therefore, an optimal yaw rate reference is crucial for

the correct performance of a TV system.

This reference is calculated based on the well known

bicycle model, as it provides a good balance between

performance and computational cost, providing optimal

accuracy in demanding situation for vehicle dynamics.

This way, the yaw rate reference equation is calculated

as proposed in [3]:

ṙref =
V

L+ m
L

(
b

CαF
− a

CαR

)
V 2

δ (1)

where m is the total mass of the vehicle located in the

Center of Gravity (CoG), a and b are the distances to

the CoG of the front and rear axles respectively, L is

the distance between axles (or wheelbase), δ is the angle

of rotation of the front wheels, CαF and CαR are the

lateral stiffness coefficients of the front and rear tires,

respectively, and V is the longitudinal vehicle speed.

However, for safety reasons it is necessary to limit

the value of the generated yaw rate reference. In this

case, the limit has been set as in [3],

|ṙref,max| =
∣∣∣ay,max

V

∣∣∣ (2)

where ay,max is the theoretical maximum vehicle lateral

acceleration, which is obtained experimentally. Thus,

these terms allow to modify the yaw rate reference ac-

cording to the tire-road friction conditions, this is, dry

or wet surface.

2.2 Fuzzy Yaw Moment Controller

The Fuzzy Yaw Moment Controller is based on the one

defined by the authors in [13]. By considering the yaw

rate error, the yaw rate derivative error and the sideslip

angle error, the Fuzzy Controller calculates the torque

percentage to be applied to each side of the vehicle

(τlat). This way, if τlat = 0 all the torque will be applied

to the wheels of the right side, and if τlat = 1 all the

torque is applied to the wheels of the left side.

2.3 Vertical tire forces estimation

The dynamic behaviour of the vehicle is highly depen-

dent on tire forces, as these are the elements in con-

tact with the road. However, their estimation is one

of the most complex issues in vehicle dynamics, as the
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tire/road contact dynamics not only has a nonlinear

behaviour but it also depends on several different vari-

ables. Direct measurement of these forces is not always

a solution, either, as these forces are very difficult to

measure and the sensors needed are very expensive. In

this sense, artificial intelligence approaches have shown

their ability to model and estimate different variables

in several applications [38–45,24], including tire forces

estimation.

In this section, a novel Artificial Neural Network

(NN) based vertical tire forces estimator is proposed.

The proposed estimator provides real-time execution

capabilities and accurate estimations of the tire forces,

which can be exploited by Advanced Driver Assistant

Systems (ADAS) to increase the safety, stability and

efficiency of vehicles. Hence, this estimator will be used

to perform the longitudinal torque distribution in the

proposed Torque Vectoring algorithm.

In addition, the proposed NN estimator (Fig. 3) uses

only measurable variables to operate. The input data

is composed by 16 variables: the steering angle, the x,

y and z linear acceleration, the vehicle total speed, the

3 angular speeds associated to the local axes and the

four wheel torques and wheel angular speeds (which can

be calculated through the measurement of the motor

torques and angular speeds). All of them can be easily

measured using commercially available sensors such as

steering wheel angle sensor, Inertial Measurement Units

(IMU), Global Positioning Systems (GPS), and motor

current and angular speed sensor (both needed by the

motor controller). The output data are the four vertical

tire forces estimations.

Note that considering additional variables, such as

the suspension displacement, could increase the perfor-

mance of the estimator. However, on the one hand, it

could require to install additional sensors that are not

available in commercial cars, increasing the total cost

of the car, or to estimate them, which would compro-

mise the performance of the estimator, as the vertical

tire forces estimation would depend on an additional

estimator.

Fig. 3: NN based vertical tire forces estimator structure

For obtaining an accurate estimation, it is crucial to

define a proper training process. The training dataset

(inputs/outputs) has been obtained from a simulation

run of the selected vehicle (explained in section IV)

in Dynacar [4] vehicle dynamics simulator. The afore-

mentioned variables have been captured during a lap

in Nurburgring, Montmelo and Silverstone circuits, ob-

taining a total of 21792 sets. 75 % of the sets have been

used for training, while the rest have been used for val-

idation (hence, not trained with them). The net has

been trained for 1000 epochs considering a single hid-

den layer. Regarding the activation function, although

there exist more sophisticated approaches that are able

to enhance the training performance and reduce the re-

quired time, such as SPOCU [53], the well-known hy-

perbolic tangent activation function has been chosen for

the proposed approach. In order to determine the op-

timum number of neurons in the hidden layer, a train-

ing batch has been executed from 10 to 60 neurons.

Please, note that at this stage, the exact accuracy of

the estimator is not the most important information,

as this will change after the modifications needed for

its implementation in the FPGA. Therefore, to reduce

the total training time, each training batch has been

run with steps of 10 neurons. Additionally, consider-

ing that FPGA’s pipelining feature would have to be

deactivated, to decrease the total hardware resources

needed for the implementation, only one hidden layer

has been chosen.

Table 1: Neural Network training and results

Number of Neurons
10 20 30 40 50 60

MAE [N] 4756 2181 621 159 97 95
NMAE [%] 64.0 29.3 8.4 2.13 1.3 1.3
% Imp. N/A 54.1 71.5 74.4 39.0 2.1

Results are summarized in Table 1, where the Mean

Absolute Error (MAE), Normalized Mean Absolute Er-

ror (NMAE) and the relative improvement to the previ-

ous option is also shown. As it can be seen, the NMAE

for the validation data is relative low (less than 2.5%)

from 40 neurons, which is considered an optimal ac-

curacy for this application. Additionally, it can be seen

that the improvement in the accuracy percentage is sig-

nificantly reduced from 50 neurons. Therefore it can be

concluded that the optimal number of neurons is be-

tween the interval [40,50].

Note that this NN will be implemented in a FPGA,

hence, several modifications have to be carried out with

the aim of achieving better computational cost and re-

sources utilization. Hence, the exact number of neurons



6 Alberto Parra et al.

will be selected after the effect of all these modifications

are evaluated in Section 3.

2.4 Longitudinal Torque Distribution

The goal of the longitudinal torque distribution algo-

rithm is to provide greater torque commands to the

motors whose wheels have more grip. For that purpose,

a simple but effective torque distribution algorithm is

proposed, based on the maximum normal force that

can be applied in a specific axle (the front one has been

taken as reference) and the estimation of the vertical

forces generated by the wheels at each axle:

τlong =
fwheels
fmax

(3)

where fwheels is the combination of the vertical forces

of each wheel of an axle (left and right) and fmax is

the maximum normal force that can be applied in the

front axle (this is, considering that the whole mass is

actuating only in one axle).

2.5 Regenerative Braking Contribution

Regenerative braking can not only improve the vehicle

energy consumption, but also, the vehicle dynamic be-

haviour, providing an extra yaw moment which can be

specially effective in emergency manoeuvres.

In that sense, the regenerative braking component

implemented in the developed Torque Vectoring system

is only activated when an undesirable behaviour (un-

dersteering or oversteering) is detected. In this case, the

sideslip angle has been selected as the indicator. This is,

when this variable is above 10°, the regenerative braking

contribution is activated. Therefore, the braking torque

will be applied in the inner or outer wheels, depending

on the lateral torque distribution provided by the Fuzzy

Yaw Moment controller. This is, if an understeering be-

haviour has to be corrected this negative torque will be

applied in the inner wheel, in order to help it to in-

crease its cornering capabilities. On the other hand, in

case of suffering oversteering the braking torque will

be applied in the outer wheel for avoiding the possible

stability loss.

Note, that this extra yaw moment generated by the

regenerative braking has to be strictly controlled by

limiting the applied torque, as possible stability losses

can arise if other case. Additionally, these limits have

to be tuned for each axle (γFront and γRear), as both

axles (front and rear) do not brake equally.

2.6 Motor Torque Calculation

Finally, the last subsystem calculates the exact mo-

tor torque command to be applied to each wheel τij
(i = F (Front), R(Rear) and j = L(Left), R(Right)),

based on the torque requested by the driver using the

throttle τ , the longitudinal τlong and lateral τlat torque

distribution percentages and the regenerative braking

contribution factor (γFront and γRear) and the sideslip

angle β,

αFL =

{
−max(min(τlat, (1− τlat)), γFront), if β ≥ 10

τlat, otherwise

αFR =

{
−max(min(τlat, (1− τlat)), γFront), if β ≥ 10

1− τlat, otherwise

αRL =

{
−max(min(τlat, (1− τlat)), γRear), if β ≥ 10

τlat, otherwise

αRR =

{
−max(min(τlat, (1− τlat)), γRear), if β ≥ 10

1− τlat, otherwise

(4)

τFL = τ τlong αFL
τFR = τ τlong αFR
τRL = τ (1− τlong)αRL
τRR = τ (1− τlong)αRR

(5)

3 Implementation of the Vertical Tire Forces

NN Estimator in FPGA

In this section, the implementation of the Vertical Tire

Forces NN estimator presented in Section 2.3 and its

validation are deeply analyzed. This is one of the main

contributions of this work.

3.1 Implementation Methodology

Vertical tire forces are complex variables to measure,

and therefore, it is necessary a proper estimator, as an-

alyzed in Section I. However, these estimators must be

implemented in real-time, which usually requires a com-

promise between accuracy and computational cost. So-

lutions such as FPGAs allow to implement complex al-

gorithms using hardware blocks which can be executed

very quickly. Hence, in this section, a FPGA-based im-

plementation will be studied for the NN estimator pro-

posed in Section 2.3.
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For that purpose an Artix-7 FPGA has been se-

lected, whose specifications makes it suitable for the au-

tomotive market, as it provides a good balance between

performance and cost. Nevertheless, the main problem

in FPGA devices, is the limited resources (hardware

blocks) available. With the purpose of ensuring that the

developed NN estimator fits the FPGA resource limit

without reducing its accuracy, several modifications are

needed, which will be detailed next.

First, as it is stated in [36], pipelining has to be

disabled with the aim of decreasing the resource uti-

lization. Besides, the used data type has to be adapted

from floating point to fixed point. For the NN estimator

implementation a 24 bit word has been selected.

Second, mathematical operations have to be opti-

mized, as some are very inefficient to be solved in a

FPGA. For instance, in the proposed NN, the activation

function of the neurons is a hyperbolic tangent func-

tion, whose implementation requires a lot of resources.

To optimize its execution for a fixed point implemen-

tation, this operation has been replaced by a look-up

table (LUT), as they provide better levels of accuracy

compared to other methods, such as Piecewise Linear

ad Piecewise Nonlinear approximations [47]. The max-

imum relative tolerance between the original output

value and the output value of the approximation has

been established as 2%. Additionally, the breakpoint

specification has been carried out using the so-called

”EvenPow2Spacing” method, which means a power-of-

two spacing, providing a fastest execution speed [48], at

the expense of using more memory hardware resources.

The rest of the operations are additions/substractions

or multiplications that can be implemented easily on a

FPGA.

These modifications to the NN estimator have to be

evaluated, as they will have an impact on the accuracy

of the final NN Estimator and the resource utilization

of the FPGA. Table 2 shows the NMAE and the per-

centage of FPGA resources utilization for the two NN

architectures selected in Section 2.3. In this particular

case, the most critical resources are the Digital Signal

Processors (DSP) (220 available in the selected device).

In spite of that the explained modifications have con-

tributed to reduce the number of needed DSP in ex-

change of using more Block Random Access Memory

(BRAM), registers and LUTs, the only NN that fulfills

the hardware resources requirements is the one com-

posed by 40 neurons, obtaining and accuracy decrease

of 0.83% due to the aforementioned modifications.

3.2 Validation

For the sake of testing the effectiveness of the approach,

the data obtained from the proposed estimator is com-

pared with a) Dynacar’s internal high fidelity tire model,

b) the Adaptive neuro-fuzzy inference system (ANFIS)

based estimator proposed in [13] and c) the model-

based analytical estimator proposed in [30]. The first

will be considered as the real signal, as is the most

complete model (the one that implements the simu-

lated vehicle), while the latter two will be considered

for benchmarking. Note that these have been validated

in the respective cited works and provide acceptable

results, although the analytical estimator requires data

from variables difficult to measure, while the ANFIS

estimator requires 10 easily measurable variables [13].

Note that in order to be comparable, the ANFIS-

based estimator [13] has been trained using the same

dataset as the one detailed in Section 2.3 for the pro-

posed NN Estimator. This is, the data acquired during

a lap on three professional circuits (Nurburgring, Sil-

verstone and Montmelo) is used for training it.

The Double Lane Change manoeuvre [9] has been

selected for the NN estimator evaluation, as it is a very

challenging manoeuvre from the vehicle dynamics point

of view. Therefore, it can be ensured that that the esti-

mator will be operating in very demanding conditions,

when the accuracy is crucial. For testing the real-time

capabilities of the estimators, the ANFIS and the ana-

lytical estimators have been implemented in the ARM

microcontroller of the Xilinx Zynq XC7Z020, while the

proposed NN Estimator runs on the aforementioned

FPGA. Note that the other approaches cannot be im-

plemented in the FPGA due to the resource limit.

Fig. 4 and Table 3 show the results obtained for each

wheel. Results show that the ANFIS estimator provides

the best accuracy, followed by the NN Estimator. How-

ever, both are below 5% of error. The estimator based

on [30] provides the lowest accuracy, with an error of

approximately 5%, which fits the results from the orig-

inal source work [30].

However, if the computational cost is considered,

the NN Estimator offers the best performance, with a

total time to be run by the FPGA of 3.1 microseconds

(µs). The total time needed by the analytical model

and the ANFIS based estimator to be run in the mi-

crocontroller are 281.2µs and 900 µs. This means that

the proposed NN based tire vertical forces estimator is

more than 240 times faster to be executed thanks to the

implementation in a FPGA and to the computational

optimizations carried out.

Therefore, it can be concluded that the proposed

estimator provides the best balance between accuracy
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Table 2: NN FPGA Implementation Resources and Performance

Size
Resource Utilization

NMAEBRAM DSP Registers LUTs
Total % Total % Total % Total %

40 47 33.5 216 98.18 24448 22.9 37356 70.2 2.93
50 50 35.7 270 122.7 30187 28.3 39254 73.7 1.88
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Fig. 4: Fz Estimation - Double Lane Change

Table 3: Double Lane Change Results

ANFIS NN Model

FL
MAE [N] 109.63 186.74 301.26

NMAE [%] 1.92 3.28 5.29

FR
MAE [N] 98.33 189.74 281.20

NMAE [%] 1.73 3.34 4.96

RL
MAE [N] 111.99 191.27 380.30

NMAE [%] 1.64 2.80 5.56

RR
MAE [N] 144.20 227.57 341.98

NMAE [%] 2.04 3.22 4.84
Computational cost [µs] 900 3.1 281.2

and computational cost, which makes an optimal solu-

tion for the estimation of tire vertical forces.

4 Validation Framework and Methodology

In this section the validation methodology proposed is

detailed, including the selected vehicle and its dynamic

model, the simulation environment and the selected ma-

noeuvres.

Four main systems can be considered in the pro-

posed validation framework (Fig. 5). First, the virtual

driver, which simulates the behaviour of a standard

driver, guaranteeing that the performance of each test is

not dependent on the driver. Second, the control block,

which includes the TV approach described in Section II.

The third block includes the powertrain model, which

in this case is a electric powertrain with four electric

motors. Finally, the vehicle model, which simulates the

highly nonlinear dynamics of the vehicle using Dynacar

vehicle dynamics simulator [4].

4.1 Test vehicle and dynamics

In this work, a C-Class vehicle has been selected as a

study case. Note that these vehicles are compact and

are the preferred ones to be electrified by car manufac-

turers, which is the main reason for selecting them. The

vehicle will be considered electrified with a All Wheel

Driven (AWD) electric powertrain topology. This way,

each wheel will have a motor which can be individu-

ally controlled. The main parameters of the vehicle are

detailed in Table 4.

This vehicle has been modelled using Dynacar ve-

hicle simulation software, which is based on an opti-

mized multibody model which can be executed in real-

time [4]. The multibody approach implemented is based

on [1], modelling the vehicle with one coordinate for

each degree-of-freedom, making a total of fourteen in-

dependent coordinates. As stated in [1], one of the main

advantages of the approach is the use of macro-joints,



Title Suppressed Due to Excessive Length 9

Vehicle
Driver 

Commands

Wheel Torques
Commands

Vehicle 
Dynamics

Steering
Acc. Pedal

Brake Pedal

Motor Torques
Commands

Two driving modes:
• Closed-Loop

o ISO Manoeuvres (DBL)
o Circuits

• Open-Loop 
o ISO Manoeuvres

o Ramp Steer
o Step Steer Sequence

Torque Vectoring Systems to be evaluated:
• Intelligent TV
• PID Based TV
• SOSMC TV

EV AWD powertrain architecture:
• Number of Motors: 4
• Max Power: 320 kW
• Max Torque: 300 Nm
• Max RPM: 8000 rpm
• Gear Ratio: 5

High fidelity vehicle dynamics 
model:
• Multibody formulation
• 14 Degree of freedom
• Real-time execution 

capabilities

Fig. 5: Proposed Validation Framework

Table 4: Vehicle Main Characteristics.

Mass [kg] 1623
Ix [kgm2] 700
Iy [kgm2] 2300
Iz [kgm2] 2830

Wheelbase [m] 2.82
Front Axis Track [m] 1.6
Rear Axis Track [m] 1.6

Tire Radius [m] 0.328
Center of gravity to rear axle distance [m] 1.5
Center of gravity to front axle distance [m] 1.32

Height of center of gravity [m] 0.53
Frontal Area [m] 2.2

which leads to highly efficient suspension system kine-

matics computation.

Note that a set of regenerative braking torque limi-

tations have been also established, in order avoid stabil-

ity losses. This way, the maximum regenerative torque

has been set at 40% (γFront) for the front axle and 15%

(γRear) for the rear axle.

4.2 TV approaches to be evaluated

The proposed Intelligent TV approach with regenera-

tive braking ability detailed in Section II will be com-

pared with two approaches from the the literature: a

PID based approach and Second Order Sliding Mode

controller (SOSMC). Note that these approaches have

been extensively studied in the literature and have demon-

strated their ability to perform well in steady-state con-

ditions (in the case of the PID controller) and in tran-

sient conditions (in the case of the latter). For the sake

of clarity, these will be briefly detailed next.

PID control: PIDs have been widely used for a va-

riety of applications, including TV. The selected ap-

proach is based on a PID controller, whose parame-

ters have been tuned considering both open loop fre-

quency response and the requirements of the closed-

loop bandwidth [3]. The obtained values are the fol-

lowing: KP = 75200Nms/rad, KI = 0.00365Nm/rad,

KD = 0.76 Nms2/rad.

Second Order Sliding Mode Controller (SOSMC): Slid-

ing Mode Control methods are able to improve the

system performance from both disturbance rejection

and convergence points of view [49]. Due to these ad-

vantages, they have been used to implement TV ap-

proaches. However, First Order Sliding Mode controllers

present chattering issues when operating. Hence, in this

work a Second Order Sliding Mode Controller [32] has

been selected to make the comparative analysis.

4.3 Implementation

The aforementioned TV approaches have been imple-

mented in a Xilinx Zynq XC7Z020 SoC. This SoC has
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an Artix-7 FPGA, where the vertical tire forces estima-

tor defined in Section III has been implemented, and an

ARM multicore microcontroller, which has been used

for the implementation of the TV algorithms.

For this purpose, the TV approaches have been coded

in Matlab/Simulink using C code-based blocks, which

has allowed to deploy the final code in the SoC using the

Embedded Coder toolbox. Regarding the tire forces es-

timator implemented in the FPGA, a similar approach

has been used, using the HDL Coder toolbox to gen-

erate the VHDL code required for FPGA implemen-

tation. The communication between both subsystems

(Real-Time ARM microcontroller and FPGA) has been

done through the AXI4-Lite interface [31].

The inputs and outputs of the Xilinx Zynq XC7Z020

SoC are connected using CAN Bus to a real-time com-

puter running Dynacar vehicle dynamics simulator and

the Virtual Driver model. This allows to test the real-

time performance of the proposed Intelligent TV con-

trol approach, and does not require the use of a whole

vehicle thanks to Dynacar’s model and the followed

hardware-in-the-loop setup. Note that Dynacar executes

its dynamic model with a 1ms timestep.

Thanks to the HiL setup, it is possible to not only

evaluate the performance of the proposed TV algorithm

in a closer to real vehicle based testing scenario, but

also to demonstrate its real-time capability in a real

automotive suitable hardware device.

4.4 Selected manoeuvres and scenarios

In order to validate the proposed Torque Vectoring ap-

proach several scenarios challenging enough and that

test the performance of the evaluated TV systems in a

wide set of situations, including steady state and tran-

sient conditions, have been selected.

Ramp Steer: The purpose of this test (ISO4138 [29]) is

to determine the steady-state circular driving charac-

teristics of the test vehicle by continuously increasing

lateral acceleration. The test is conducted at constant

speed and is carried out continuously increasing the lat-

eral acceleration through a steering ramp input, until

the limit of adherence is reached.

Double Lane Change: The double lane change manoeu-

vre (ISO 3888 specification [9]) has been chosen to val-

idate the stability performance of the proposed TV ap-

proach in transient conditions, as this is a very chal-

lenging manoeuvre for vehicle dynamics. In this test,

the vehicle enters the course at a particular speed and

the throttle is released. The driver then attempts to

negotiate the course through a path defined by several

cones. The test speed is progressively increased until

either instability occurs or the course can no longer be

negotiated successfully. Such a severe manoeuvre effec-

tively demonstrates the cornering capability of a vehicle

when driving at the friction limit in both directions and,

therefore, this test is considered as a suitable manoeu-

vre for assessing Advanced Vehicle Dynamics Control

systems by many car manufacturers and research insti-

tutions.

For the TV approach case, it is necessary to make

the test under acceleration conditions to maximize its

effect, as TV approaches act on the torque requested by

the driver. For that purpose, an initial speed of 50 km/h

has been selected, and a constant torque reference has

been applied to the wheels.

Professional circuits With the purpose of testing the

efficiency performance of the developed TV approach,

a second set of scenarios is defined, in which a whole

lap has been carried out in the circuits of Nurburgring,

Montmelo and Silverstone, as they include a wide va-

riety of circumstances for a vehicle, in terms of accel-

eration/braking and turning combinations. The driver

inputs are provided by a virtual driver model, that con-

trols the longitudinal and lateral vehicle motion. For the

lateral motion control, the virtual driver model acts on

the steering wheel angle signal to follow the desired tra-

jectory. Regarding the longitudinal motion control, the

virtual driver acts on the throttle and brake pedal to

track the speed reference for each part of the circuit.

The speed reference is calculated considering the ra-

dius of the trajectory to be followed and establishing a
value for the theoretical maximum lateral acceleration

of the car. This way, the maximum speed at every mo-

ment can be calculated (V =
√
ay,maxR). Note, that

the selected value for the maximum lateral accelera-

tion parameter will make the driving behaviour more

calm or more sporty. In this case, as the efficiency is

the parameter to be evaluated through this test, this

parameter has been established very close to the real

maximum lateral acceleration, which results in an ag-

gressive driving behaviour.

5 TV results and validation

In this section the comparative analysis results for the

proposed TV approach (Intelligent TV), the PID ap-

proach (PID TV) proposed in [3], the SOSM controller

(SOSMC TV) proposed in [32] and the case with no

TV controller are shown and analysed. This analysis

has has been carried out for a normal tire/road friction
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Fig. 6: Ramp Steer Manoeuvre

coefficient scenario (dry road condition) and for a low

tire/road friction coefficient scenario (wet road).

5.1 Ramp Steer

As it has been explained in the previous section, this

manoeuvre consists in applying a ramp steer input (15

deg/s) at a constant vehicle speed. This speed has been

established at 80 km/h for dry road condition and 50

km/h for wet road condition. The main objective of

this test is to determine the maximum lateral acceler-

ation of a vehicle in steady-state cornering conditions.

Fig. 6 and Table 5 show the results obtained for this

manoeuvre.

It can be appreciated that an optimal torque dis-

tribution always helps to reduce the understeering and

increase the maximum lateral acceleration, both in dry

and wet conditions. In fact, in Fig. 6 it can be appreci-

ated how the linear zone of the understeering character-
istics is extended in both conditions, which effectively

helps to make the dynamic behaviour more predictable

for the driver in a wider range. On the other hand, Table

5 shows that the maximum improvement is given by the

proposed intelligent TV approach (14.99% for dry con-

ditions and 14.124% for wet conditions), demonstrat-

ing that having a reliable knowledge of the vertical tire

forces contributes for an optimal torque distribution.

5.2 Double Lane Change

In this test, a initial speed of 50 km/h been selected for

dry and wet road conditions. Accordingly, an appro-

priate constant torque reference for each case has been

applied (2300 Nm total torque for dry road condition

and 1500 total Nm for wet conditions). This provides a

longitudinal acceleration of 4.27 m/s2 (0.43g) and 2.78

m/s2 (0.284g), allowing to obtain a final speed of almost

100 km/h and 80km/h respectively, covering the most

common speed range of passenger vehicles in medium

speed roads in both conditions.

Results are shown in Fig. 7 and Fig.8. If results for

dry conditions are analysed (Fig. 7), it can be appre-

ciated that the manoeuvre is only performed success-

fully by the presented TV approach, while the other

approaches are not able to negotiate the path correctly.

This phenomenon can be further appreciated in Figs.

7c and 7d, where it is shown how the steering wheel

angle and front wheels slip angle is considerably higher

(44°and 5.5°average, respectively) for the PID TV ap-

proach and SOSMC TV approach. These results, show

that the proposed Intelligent TV approach is able to ef-

fectively enhance the agility of the vehicle better than

the other benchmarking TV approaches.

If wet conditions graphs are analysed (Fig. 8), it can

be appreciated that the effect of an optimal torque dis-

tribution is much more remarkable. Apart from being

the proposed TV approach the only one that is able

to make the vehicle perform the manoeuvre success-

fully, the difference with the other two approaches is

greater than for the dry road condition. This effect can

be further appreciated in Figs. 8c and 8d. The first one

shows the steering wheel angle provided by the auto-

mated driver algorithm and it clearly shows how the

provided command is saturated to the maximum phys-

ical value (450°) for all the cases, which combined with

the slip angle values obtained for all cases except for

the one that runs the proposed TV algorithm manifest

the excessive understeering behaviour that the vehicle

suffers. However, when the proposed algorithm is acti-

vated, the maximum values for the steering wheel and

front wheels slip angle are reduced a 35% and a 54%

respectively. These results show a high improvement

in terms of vehicle agility, which in extreme situations

such as the ones evaluated in this work can make the

difference between avoiding the obstacle, and therefore

an accident, or not.
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Table 5: Ramp Steer Manoeuvre Maximum Lateral Acceleration Comparison

Dry Conditions Wet Conditions
Max. ay % Impr. Max. ay % Impr.

No TV 7.832 m/s2 - 5.590 m/s2 -
PID TV 8.858 m/s2 11.582 6.336 m/s2 11.780
SOSMC TV 9.161 m/s2 14.507 6.375 m/s2 12.321
Intelligent TV 9.214 m/s2 14.990 6.509 m/s2 14.124
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Fig. 7: Double Lane Change Manoeuvre (Dry Road Conditions)

Therefore, the results obtained for this manoeuvre,

in dry and wet road conditions, demonstrate the effec-

tiveness of the TV approach presented in this work,

providing the most optimal torque distribution, thanks

to considering the vertical tire forces and a regenera-

tive braking (marked in green area when this function

is activated in Fig. 7b and Fig. 8b).

5.3 Efficiency Analysis in Circuit Track

The effect of each TV algorithm in the efficiency is

shown in Table 6 where the mechanical energy con-

sumed during a whole lap run by the automated driver

algorithm configured in aggressive mode in three cir-

cuits (Nurburgring, Montmelo and Silverstone) is shown.

Results demonstrate that the proposed TV approach

provides a lower energy consumption thanks to the re-

generative braking contribution and to a more optimal

torque distribution provided by the knowledge of the

vertical tire forces. It has to be remarked that the re-

generative braking is not activated in each braking con-
dition, but only when the sideslip angle is greater than

10°, as it has been already explained in Section II.

6 Conclusion

In this work a novel TV system based on intelligent

control techniques is proposed. One of the main con-

tributions of this work is the utilization of a NN based

tire vertical forces and its implementation in a FPGA.

For that, several modifications, which have been deeply

explained, must be done in order to fulfill the FPGA

hardware resources requirements. The performance of

this estimator has been compared to other two esti-

mators found in the literature through a challenging

manoeuvre and the results show that the proposed NN

based system provides the best balance between accu-

racy (3% average error) and computational cost (240

times faster than the other approaches).



Title Suppressed Due to Excessive Length 13

0 10 20 30 40 50 60 70 80 90

X (m)

-2

0

2

4

6

Y
 (

m
)

No TV

PID

SOSMC

Intelligent TV

(a) Trajectory (b) Lateral Acceleration

0 10 20 30 40 50 60 70 80 90

X Position (m)

-500

-400

-300

-200

-100

0

100

200

S
te

e
ri
n
g
 W

h
e
e
l 
A

n
g
le

 (
d
e
g
)

(c) Steering wheel angle

0 10 20 30 40 50 60 70 80 90

X Position (m)

-20

0

20

40

60

F
L
 S

lip
 A

n
g
le

 (
d
e

g
)

0 10 20 30 40 50 60 70 80 90

X Position (m)

0

50

100

F
R

 S
lip

 A
n
g
le

 (
d
e

g
)

(d) Front Wheels Slip Angle

Fig. 8: Double Lane Change Manoeuvre (Wet Road Conditions)

Table 6: Electrical Energy Consumption Comparison

No TV PID TV
Energy Improvement Energy Improvement

Nurburgring 17.01 kWh N/A 15.71 kWh 7.62%
Montmelo 5.62 kWh N/A 5.27 kWh 6.61%
Silverstone 8.34 kWh N/A 7.8 kWh 6.42%

SOSMC TV Intelligent TV
Energy Improvement Energy Improvement

Nurburgring 15.89 kWh 7.59% 14.65 kWh 13.35%
Montmelo 5.13 kWh 8.88% 4.88 kWh 13.21%
Silverstone 7.82 kWh 6.21% 7.2 kWh 13.67%

On the other hand, the performance of the pro-

posed TV system not only enhancing the cornering re-

sponse but also reducing the power consumption has

been deeply evaluated through a set of manoeuvres in

low and high friction conditions. Regarding the vehicle

cornering capabilities and stability, results show that,

thanks to the tire vertical forces knowledge, the pro-

posed approach provides the best torque distribution,

and therefore, the highest improvement in terms of ve-

hicle dynamics behaviour, both in low or high friction

conditions and in steady state or transient conditions.

On the other hand, if the power consumption is

analysed, the energy consumption results show that the

proposed approach can effectively reduce (about a 13%)

the powertrain and tire losses thanks to the regenera-

tive braking contribution and the tire vertical forces

knowledge.

Finally, in order to further decrease the energy con-

sumption, future work will include the powertrain ef-

ficiency map in the proposed TV approach. Addition-

ally, they will be explored the prediction capabilities

of neural networks with the aim of adding pre-emptive

capabilities to TV approaches.
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