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Predicting Tire Handling Performance

ABSTRACT

Recent studies have shown that complex vehicle
components such as shock absorbers, rubber bushings,
and engine mounts can be accurately modeled by
combining laboratory measurements with neural network
technology. These nonlinear dynamic blackbox models
(also known as Empirical Dynamics* models) make it
possible to predict nonlinear and hysteretic component
behavior over wide ranges of amplitude and frequency.
The models can handle realistic input waveforms as well
as multiple inputs and multiple outputs.

These technigues have now been applied to rolling
pneumatic tires, to enable high accuracy predictions of
tire and vehicle handling behavior. Models that predict
high amplitude force components (three forces and three
moments) using up to four randomly-varying inputs
(radial deflection, slip angle, and camber angle, and slip
ratio) have been successfully generated, using data
obtained from MTS Flat-Trac lll tire test equipment. The
accuracy of these models will be demonstrated using
multiple analysis methods.

! Empirical Dynamics, EDM, and Flat-Trac are
trademarks of MTS Systems Corporation.
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Advantages of this approach include: (1) models may be
constructed without detailed knowledge of the tire
structure or properties, so extensive expertise is not
required, (2) the models can be generated very quickly
using modern desktop personal computers, (3) the
models consist of low order algebraic equations, so they
execute quickly, (4) the blackbox nature of the models
makes it possible to communicate behavioral properties
without disclosing proprietary design details.

INTRODUCTION

In order to expedite vehicle development schedules,
engineers are relying increasingly on virtual prototyping
software tools to make accurate predictions about
vehicle durability, handling, safety, comfort, and sound
quality. This is not surprising, as the speed and flexibility
of computer models offer many benefits compared to
conventional physical prototypes. Nevertheless, it hasn’t
yet become economical to replace physical prototypes
entirely. One reason is that virtual prototypes don’t
always provide sufficient accuracy. This is often true for
complex suspension components such as hydraulic
dampers, and elastomeric bushings and mounts.
Alternatively, it may be feasible to create accurate
models of these parts, but the resulting models are large
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and complex, with a detrimental impact on calculation
throughput.

In recent years, neural network methods have been
investigated as a way to model these difficult
components. Neural networks are computational
structures that can ‘learn’ a complex relation or pattern,
much like biological neural systems. They're used
extensively in modern pattern recognition algorithms,
with applications such as handwriting and speech
recognition. With proper interfacing, they can also be
used as blackbox models for dynamic systems. In this
application, the models are generated solely from
measured input and output signals, without a direct need
for information about the component geometry or
physical parameters.

The principal benefit of neural network modeling is to
enable accurate predictions of component behavior
when significant nonlinearity and hysteresis are present
simultaneously. This is not easily accomplished with
conventional curve fits or frequency response models.
Furthermore, the neural networks will readily handle
irregular or random inputs, and they can model
specimens with multiple inputs and outputs, including
cross-coupling effects. The principal drawbacks are that
physical measurement data is required to build the
model, and that once built, the model can't be easily
adjusted for design optimization.

The use of neural networks for modeling tire handling
behavior has been reported numerous times [1,2].
Palkovics et al demonstrated the ability of a neural
network to accurately mimic the behaviors of a Magic
Formula tire model. Their Neuro-tyre model was able to
handle multiple inputs and nonlinearity, but it was limited
to a quasi-static representation, where current outputs
depend only on current inputs, and not on past inputs or
outputs.

Dynamic neural network representations, which use past
values of input and output signals as well as current
input, are required when modeling systems that exhibit
hysteresis in addition to nonlinearity. Such methods have
been demonstrated for modeling dynamic behavior of
suspension components such as shock absorbers and
elastomeric bushings [3-5]. An important lesson from
these studies was that similar neural network structures
and model generation methods could be used for
different component types. The common thread for all
these applications is the joint presence of nonlinearity
and hysteresis, multiple inputs and outputs, and random
or irregular inputs. Modeling that specifically addresses
these issues has been termed Empirical Dynamics
modeling (or ED modeling). The Empirical Dynamics
methods represent an application of established neural
network techniques, and do not purport to extend the
basic nonlinear system identification methodology.
Multiple readable references on the neural network
modeling are available [6-8].
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Building on this experience, the present investigation
sought to evaluate the ED method for modeling rolling
pneumatic tires, which could be used for vehicle handling
predictions. This was motivated by purported limitations
of existing tire models, and by the prospective benefits of
ED models. Note that the ED tire model is intended for
suspension or vehicle dynamics predictions (e.g., full
vehicle handling), and not for tire design, per se. The
neural net is a non-parametric blackbox, generated using
only measured input and output signals; its coefficients
are not directly associated with physical parameters. In
this form, it s not practical for optimizing tire designs. On
the other hand, when such a blackbox model is
incorporated into a larger multi-body dynamics
suspension model, it may permit the suspension
engineer to tune non-tire suspension parameters more
precisely, or more quickly, compared with using less
accurate tire characterizations.

LABORATORY TESTS

This presentation focuses on models to be used for
prediction of tire handling behavior. For this purpose, the
tires are assumed to roll on a flat surface, and all
dynamic behavior is driven by motions of the wheel
spindle relative to the road.

Several different tires and model configurations were
used for this study, as shown in Table 1. The ‘bandwidth’
parameter in this case defines the upper limit of random
excitation used for the lab test. For most handling
objectives, 5 Hz is a reasonable range. It also represents
a practical limit for the test and modeling methodology
used here, because circumferential non-uniformity of the
tire introduces strong response components above 7 Hz
(for 50 kph vehicle speed); these are treated as noise in
the model generation process. (The ‘model type’
parameter is described in the next section).

MTS Flat-Trac Il CT laboratory tire test systems were
used to obtain dynamic signal data for model generation
and validation. These systems use servohydraulic
actuators to produce spindle motion about multiple axes
(vertical, slip angle, camber angle), and a variable speed
flat belt under the tire to simulate road motion. An
optional ‘spindle drive’ input channel was used when
longitudinal slip input was required. An integral spindle-
mounted load cell provided force and moment for three
coordinate axes. The flat belt included a non-slip coating
to give more realistic friction coefficients.

All tests were configured to use position control mode,
i.e., servoloop commands and feedbacks have
dimensions of displacement or angle. Responses
measured during all tests included forces and moments
measured at the test rig load cell, as well as
displacement and angle feedback. The Flat-Trac test
software makes it possible to collect force and moment
signals in several coordinate systems (SAE, ISO-W),
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Case Tire Type Inputs Outputs Bandwidth Model Type
(Hz)
1 Passenger car | Slip angle Lateral force 1 Neurall
2 Passenger car | Slip angle Lateral force 5 Neurall
Camber angle
Vertical displacement
3 F1 racing Slip angle Forces and 5 Neural2
Camb | moments
amber angle along 3 axes
Vertical displacement
Slip ratio (longitudinal)

Table 1. Tire & Model Parameters

and to choose either the tire patch or spindle as the
reference for moments.

Several types of drive signals were used for the lab tests:

EDM drive signals: These signals yield responses
that are used directly for model generation. They
consist of random Gaussian noise with a prescribed
power spectrum. The responses to the random
excitation are used to generate (or ‘train’) the ED
models, as well as to validate their accuracy.

Auxiliary drive signals: These signals yield
responses that can be used for additional validation
of the ED models. Typically, they consist of simple
waveforms (sines, sweeps) and scaled road event
data. These responses are not used for generating
the models.

The random signals used for lab test excitation have
several special characteristics:

The power spectral density (PSD) shape is
proportional to 1/f ", where f is frequency and n is a
dimensionless exponent. Typically, n ranges from
1.0 to 2.0. This spectral shape extends from the
lowest frequency line (0.2Hz) up to 5 Hz. Higher
frequencies were excluded, to keep within the 5 Hz
simulation bandwidth.

Drive amplitudes were chosen to push the tire
behavior well into its non-linear regimes, while
staying within the motion limitations of the Flat-Trac
test system.

For multi-input models, the excitation was structured
as a simultaneous orthogonal (uncorrelated) set.
Simultaneous excitation is necessary for the
resulting model to include nonlinear cross-channel
effects (for example, model terms which would
represent products of two different input channels).

The orthogonal excitation is not absolutely essential;
however, it permits the model to encompass a wide
range of possible input behaviors.

These random signal characteristics aim to span a broad
range of potential tire behaviors, while attempting to
remain reasonably realistic. All input signals were
nominally symmetric about zero, except for the loaded
radius, which included an offset to simulate vehicle
corner weight.

Duration of the excitation signals depended on the
number of inputs: for a single input (slip angle),
approximately 60 seconds of random signal was used,;
for a four-input model, the duration was 450 seconds.
These durations were chosen based on previous
experience with ED model generation. The short
durations are beneficial to help prevent substantial
temperature changes in the tire rubber. The long
durations are necessary when multiple channels are
used, to help mitigate the curse of dimensionality [8].
This concept refers to a limitation of neural network
methods, where data points becomes exponentially
sparse as dimensions of a model space increase, and
as a result it becomes more difficult to obtain a good
model fit. Noticeable tread wear is a drawback of the
longer tests.

Responses measured during the random excitation test
include forces and moments as well as displacement,
angle, and velocity feedbacks. The measured
displacements and/or angles are subsequently used as
model inputs; forces and moments are the model
outputs. Note that the commanded (drive signal)
displacements are not used as model inputs, as they
differ from the measured values, due to the servoloop
dynamics (including time delays, high frequency rolloff,
phase shifts, etc.). By using simultaneously measured
displacements and forces, it s possible to isolate the
specimen dynamics from the servoloop dynamics.
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MODEL GENERATION

Models were generated using MTS Component EDM
software, with customized neural network structure and
parameters.

The Component EDM software divides the random
response signals into two disjoint sets: the ‘training set’
and the ‘test set’. The training set is used by the model
generation algorithm to adjust model coefficients. The
test set is used to evaluate the model accuracy, as an
integral feature of the model generation process.
Because the test set is not used to directly adjust the
model coefficients, it provides a way to assess the
predictive capability of the model. Note that (optional)
additional validation may be performed, after the model
generation process is complete, using signals acquired
during playback of one of the auxiliary drive signals. The
term ‘external validation has been used for this task, as
opposed to internal validation when a test set is used.

Models in this report were generated using MTS
“Neurall” and "Neural2" technologies. These terms
describe neural network structure and model input type.
Neurall models use displacements or angles as input.
Neural2 models use these plus velocities and angular
velocities, to enhance accuracy and improve stability in
subsequent multibody simulation. (Details regarding how
these signals are used, as well as the specific
dimensions and structure of the neural networks, are
proprietary).

Model generation time varied with the model size. The
simplest models (Case 1) required less than an hour to
generate, using a 400 MHz Pentium desktop computer.
The largest models (4 input, 6 output) required
approximately 24 hours to generate. Note that these
calculation times are defined somewhat arbitrarily, and
not by any clear termination of the neural network
algorithm. The nature of neural network calculations is
such that model accuracy improves with more training
and multiple solution attempts. By tolerating lower
accuracy, calculation times could be significantly
reduced.

RESULTS

The validation accuracy of the ED models is shown
graphically, in Figures 1-9. Following is a general
description of the different plot types:

Input-Output (10) Plots (Figures 2, 5-9):

These plots are presented in pairs: One shows the
input-output behavior for the original lab
measurement; the other uses the same input, but the
output is predicted from the ED model. These plots
show how well the model technique captures the
overall trends in specimen non-linearity and
hysteresis.

Time History Overlays (Figure 4):
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These plots show the output force or moment vs.
time, for several signals: the original laboratory force
measurement, the ED model prediction, and the
error (difference) between these two.

All results in this section demonstrate the predictive
capability of the ED models. They show how well the
model predicts the specimen output (force), for a model
input (displacement) signal that differs from the one used
to create the model. In other words, they demonstrate
the validation accuracy of the models.

Case 1: Single Input, Single Output (SISO) Model

This model predicts lateral force output, given slip angle
input. Although the model was generated using random
excitation (bandwidth = 1Hz), it was validated using
sinusoidal excitation, to allow evaluation of predictive
behavior under different waveform conditions. The
sinusoidal input consisted of short segments of 0.5 Hz
and 0.1 Hz sines, with amplitude of 10 degrees to invoke
pronounced nonlinear saturation behavior. Figure 1
shows the lateral force response during this input.
Clearly, the model prediction (lower) is very similar to the
lab measurement (top), showing only minor variation in
the saturation (peak) amplitudes.
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Figure 1. Lateral Force Response to Sinusoidal Slip Angle: (a)
Lab Measurement, (b) Model Prediction.

Figures 2a and 2b show the same results via input-
output plots, where the hysteretic nature of the slip
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angle-lateral force relation is clearly evident. As before,
the first plot shows the laboratory measured
characteristic, while the second shows the ED model
prediction. These plots show that the ED model has
captured the hysteretic behavior extremely well.
Furthermore, they provide some useful perspective for
the time history errors: the discrepancies in the
saturation regions appear minor, compared with the
overall simulation accuracy.

Figure 2. Lateral Force v. Slip Angle for SISO Tire Model: (a) Lab
Measurement, (b) Model Prediction.

Case 2: Multiple Input, Single Output (MISO) Tire

This model extends the scenario of Case 1 in two ways:
It adds provision for two more inputs (vertical
displacement and camber angle).

It also extends the bandwidth to 5 Hz.

These characteristics introduce a more realistic loading
scenario for handling, and provide a more substantial
challenge for the neural network.

Figure 3a shows the excitation used for the lab test. Its
important characteristics include its duration (only 65
seconds) and the fact that the three random inputs are

run simultaneously. Again, the amplitude was adjusted to

push the response into a nonlinear (saturation) regime.
Figures 3b shows the single lateral output for this test.
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A time history overlay plot shows the predictive capability
of this model (Figure 4). The close match between lab
measured force and model prediction demonstrates the
ability of the ED model to predict the response for a
multichannel nonlinear system.

Figure 3. Excitation and Response Waveforms for MISO Model
Lab Test: (a) Input channels, (b) Output force.

Figure 4. Time History Overlay for MISO Model Internal Validation
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Case 3: Multiple Input, Multiple Output (4x6 MIMO)
Formula 1 Tire

Extending the methods used in Case 2 to a full MIMO
tire model is relatively straightforward. These models use
an additional input (longitudinal slip ratio), and they
couple together multiple MISO models (one for each
output) to build the MIMO model. Otherwise the methods
for lab excitation and model training are similar to the
other two cases. To keep matters simple, the neural
network structure and training parameters were the
same for each MISO unit. Ideally, the neural network
should be customized for each different MISO; this may
be a fruitful area for future model improvements.

One challenge for this model comes from the
introduction of the longitudinal slip ratio input. The
bandwidth for this signal is limited to < 3 Hz by the
hydraulic motor, which may introduce some noise into
the solution above that range. As with the other
channels, the slip ratio amplitude was adjusted to give
significant nonlinear behavior. At these amplitudes,
abrasion of the tire by the Flat-Trac belt becomes
substantial, leading to wide temperature variations and
rapid tread wear.

In addition to the random excitation, this tire was tested
using low frequency sines of 0.5 Hz and 0.1 Hz, and
evaluated using input-output plots. These analyses can
be misinterpreted when multiple inputs are active, so the
sines were applied to one input at a time. For each of
these inputs, it's possible to evaluate the effect on each
output; however, it's most useful to identify one dominant
(correlated) output for each input (e.g., lateral force
output for slip angle input).

For vertical input, an obvious correlated output is vertical
force. Figure 5 shows the input-output behavior for these
signals. In this case, the absence of significant
nonlinearity or hysteresis makes it rather easy to obtain a
reasonable prediction.

Figure 6 shows the relation between sinusoidal slip angle
and lateral force. This behavior is clearly nonlinear and
hysteretic, and the ED model predicts it reasonably well.
Although model errors are clearly evident in the
saturation region, the model’s prediction of hysteresis
‘crossovers’ in the saturation region is commendable.

When sinusoidal input is used for slip ratio, the
longitudinal force is a useful output measure. Figures 7a
& b show a very complex relation between these signals,
with an abrupt nonlinear transition, and highly hysteretic
saturation. The ED model predicts the general trend of
these behaviors; however, amplitude errors of 10% or
more are evident in the saturation region.
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Figure 5. Vertical Force v. Displacement during Sine Input for
MIMO Tire Model: (a) Lab Measurement, (b) Model Prediction.

Figure 6. Lateral Force v. Slip Angle during Sine Input for MIMO
Tire Model; (a) Lab Measurement, (b) Model Prediction.
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Figure 7 Longitudinal Force v. Slip Ratio during Sine Input for
MIMO Tire Model: (a) Lab Measurement, (b) Model Prediction.

Figure 8. Overturning Moment v. Inclination Angle for MIMO Tire
Model; (a) Lab Measurement, (b) Model Prediction.
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Figure 9. Non-Repeatability of Response Signals (from Figure
7a).

Figures 8a & b show the sinusoidal input-output relation
for overturning moment vs. inclination angle. These plots
suggest that the ED model gives only a crude
approximation to the actual behavior, with substantial
errors in amplitude and in the amount of hysteresis. It's
important to note that the sinusoidal input amplitude is
rather small in this case (x 2 degrees), and the absolute
errors may be acceptably low for many applications.

In summary, Figures 5-9 show that the neural network
model gives reasonable accuracy, but that there is room
for improvement. Investigations into the sources of error,
which will be needed to guide model improvements, have
not yet been performed. Some hypotheses about the
origins of the error are presented in the next section.

DISCUSSION

This section will consider possible sources of model
errors, and improvements and extensions to the
methodology.

One possible source of model error is ‘non-repeatability’
of the lab test response. Repeatability in this case means
that repeated playback of an input waveform gives
identical output waveforms. Repeatability can be easily
determined for the sinusoidal input waveforms used to
test the ED models, as each consists of a pair of cycles.
Evidence of the paired cycles is apparent in the input-
output plots: for each curve, there is another similar
curve nearby. This can be seen in Figure 9, where the
two uppermost loops, corresponding to back-to-back
sine cycle inputs, are similar in shape but slightly
displaced from each other. The vertical variations (Dout)
for successive cycles represent non-repeatability of the
specimen response. Horizontal differences (Din) are
generally small because the test inputs are subject to
servocontrol.

The short-term response non-repeatability may be
thermally induced. Future tire modeling investigations
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may benefit by use of some form of thermal monitoring
of the tire tread, e.g., using infrared instruments. By
including one or more temperature readings as inputs to
the ED model, it may be possible to reduce the errors
associated with non-repeatability.

Model errors may also originate from characteristics of
the random excitation used for the laboratory test. The
random signals have a Gaussian probability distribution,
so most of the signal amplitude is concentrated around
zero, and excursions to the peak amplitudes are
relatively infrequent. As a result, the ED model algorithm
has only a small amount of high amplitude information
from which to build the model. More high amplitude
information could be supplied by increasing the lab test
duration, but this may exacerbate non-repeatability
problems associated with tread wear. Alternatively, lab
tests may benefit from non-Gaussian random excitation,
having increased probability density at large amplitudes.
A future investigation may be helpful to determine the
best choice of probability distribution in this case.

Model inaccuracy could also be caused by using
simultaneous multi-channel training data, which was
employed to help capture cross-coupling effects. A non-
trivial challenge arises when multiple-input ED models
are evaluated using single inputs: the model training data
contains little information specifically instructing the
model how to behave when the other inputs are inactive.
(For an analogy, consider members of a musical band,
trained to play in coordinated fashion; this training
doesn’t necessarily prepare any given member for a solo
performance). Accuracy for single channel inputs may
improve if the simultaneous multi-channel test and
training data is supplemented with solo input channel
signals. Alternatively, if a neural network tire model is
intended primarily for single channel use (e.g., a model
relating longitudinal slip ratio to longitudinal force, for
ABS studies), it may be best derived from single channel
excitation, not extracted from a more complex multi-
channel model.

Refinement of the neural network structure may also
improve model accuracy. This may be accomplished by
optimizing the number of inputs, layers, and hidden units,
for each of the different output channels. This will require
extensive computations, as many of these parameters
must be determined by trial and error, and each model
may require more than a day to calculate. Future CPU
speed improvements will make such investigations
feasible.

Additional sources of error may include specimen
changes (e.g., from tread wear), test system setup (e.g.,
servoloop tuning, or bandwidth limitations), operator
error, test methodology, etc. This list is meant to be
suggestive, not exhaustive. In future tire modeling
projects, it will be wise to review all facets of the testing-
modeling process.

An obvious extension of the current investigation would
be to compare ED model accuracy against conventional
tire modeling methods. Alternatively, investigations may
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be focused on ways to supplement conventional tire
models with EDM techniques. For example, it may prove
useful to generate ED tire models from finite element
(FE) model input-output data, rather than from lab test
data. The ED model may execute considerably quicker
than the FE model, without a serious loss of accuracy.
As such, the ED model could serve as an effective
model reduction technique for the FE model. Of course,
calculation time for the FE tire model becomes an
important factor to be considered.

CONCLUSIONS

This paper has presented methods to predict tire
handling behavior using neural networks, via Empirical
Dynamics tools. For various tire types and model
input/output configurations, the ED models were shown
to capture both the nonlinear and hysteretic behavior.
The model predictions show some discrepancies, which
may be remedied by future modifications to the testing
procedure or to the model structure.

The results of this study suggest that neural network tire
models should be considered as potential substitutes for
conventional tire models. Additional investigations are
warranted, to further refine the Empirical Dynamics
methodology, as well as to evaluate its application to
other complex phenomena (such as vehicle passenger
biomechanics, and vehicle aerodynamics).
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