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Abstract

In recent years, the need for systems monitoring the current inflation
pressure in pneumatic tires has grown dramatically. One way to monitor
the inflation pressure is to use the fact that the tire reacts like a spring
when excited from road roughness. The resonance frequency of the tire can
be estimated with standard signal processing procedures. Three different
approaches for vibration analysis are studied using a simulation model
similar to the tire model. The first approach uses the raw wheel speed
which is highly over-sampled. In the second approach a pre-filter is used
to remove the disturbances and the third approach uses down sampling
to isolate the vibration frequency. Especially bias in the estimation is
studied.
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1. INTRODUCTION

In recent years, the need for systems monitor-
ing the current inflation pressure in pneumatic
tires has grown dramatically (see e.g. (Yoshira et
al., 1996) and (Takeyasu et al., 1997)). The impor-
tance of correct inflation pressure is well known
and an under-inflated tire detoriates the handling
properties, tire lifetime and fuel economy. To mon-
itor the tire pressure, either a pressure sensor is
mounted inside the tire (direct measuring) or it is
estimated using existing sensors like wheel speed
sensors in the ABS-system (indirect measuring).
There are two principles for indirect monitoring
of the inflation pressure, vibration analysis and
wheel radius analysis.

Vibration analysis uses the fact that the rubber in
the tire acts like a spring when excited from road
roughness. The idea is to monitor the resonance
frequency, which is correlated with the inflation
pressure. Wheel radius analysis uses the fact that
the effective rolling radius decreases when the
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tire is under-inflated. Here we focus on vibration
analysis and especially estimation properties of
the resonance frequency.

In the Tire Pressure Monitoring System (TPMS)
application we try to find the resonance frequency
using a second order AR model. Finding the res-
onance frequency is made difficult due to all the
disturbances in the wheel speed signal. Here, all
the disturbances are replaced with an additative
noise floor to isolate the estimation properties of
the AR(2) model. The AR(2) model is inadequate
to explain the simulation model and this will cause
a bias in the estimation. The main task in the esti-
mation is the position of the resonance frequency,
i.e., the estimated model parameters are trans-
formed to an estimated resonance frequency ωres.
Even though, the position is of higher priority the
bias in the model parameters are important and
will explain the fitting of the model to data.

The aim with this paper is to emphasize some of
the problems involved with TPMS and also some
methods to overcome these problems. It is also
useful to keep in mind that the system is supposed



to be fitted into an automotive micro processor
and it is necessary to keep both the computational
complexity and memory usage low.

2. TIRE PRESSURE MONITORING SYSTEM

To monitor the current inflation pressure in the
tire we want to use vibration analysis (VA) based
on (Persson and Gustafsson, 2001), (Persson et
al., 2002) and (Persson et al., 2000) . The only
information source available is the wheel speed
sensor. Mounted at the wheel is a toothed wheel
and the sensor generates a pulse (time-stamp)
every time the a tooth passes the sensor. This
means that the sampling period is dependent on
the current velocity of the wheel. Here we will
only use constant velocity to avoid the effects of
the varying sampling period. In VA we want to
estimate the resonance frequency of tire vibra-
tions. For a 30% under-inflated tire the resonance
frequency is about 1 − 2 Hz lower than for a
correctly inflated tire. A typical periodogram of
the wheel speed signal is shown in Figure 1. In the
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Fig. 1. Smoothed periodogram for a real wheel
speed signal between 5-100 Hz.

figure the frequencies below 5 Hz are not shown
due to the large energy in the low frequency range.
The resonance frequency which is correlated with
the tire inflation pressure is located at about 45
Hz. In the figure it can also be seen that there are
a lot of disturbances. To estimate the resonance
frequency a second order AR-model will be used
(1), where y denotes measurements and e white
noise.

yt + a1yt−1 + a2yt−2 = et (1)

This model structure is of course unable to explain
the content of the wheel speed signal completely,
but to reduce the computational complexity the
aim is to use as simple model structure as possible.
It is also desirable that the estimation is robust to
different Signal to Noise Ratio SNR.

3. SIMULATION

To evaluate the estimation properties of the
TPMS, a simulation model is used to generate
data with similar behavior as the real wheel speed
signal. The simulation model includes a system,
S, representing the tire and an additative noise
floor representing the disturbances as shown in
Figure 2. This is a quite simple model, but will en-
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Fig. 2. Simulation model

lighten some of the problems involved with TPMS
and estimation properties can be studied. Here, a
second order AR-model is chosen as tire model
and the model can be described with (2).

y(t) =
1

A(q)
e(t) + v(t)

A(q) = 1 + a1q
−1 + a2q

−2

Ee2 = λe, Ev
2 = λv

(2)

where e and v are independent Gaussian noise
and ai, i = 1, 2 is chosen so that the spectrum
of y is similar to the resonance frequency in
Figure 1. The simulation model can be converted
to an equivalent ARMA(2,2) model, but for this
study we want to keep the original structure. The
spectrum of (2) is

Φy(f) =
λe + λv | A(ei2πTsf ) |2
| A(ei2πTsf ) |2 (3)

The sampling frequency is chosen to 480 Hz
which corresponds to the sampling frequency in
the wheel speed sensor when the vehicle velocity is
about 70 km/h. Two different simulation models
will be used. Model 1 is supposed to represent a
tire with correct inflation pressure and Model 2
an under-inflated tire. The model parameters are
chosen to (5).

M1 : a1 = [1 − 1.61 0.95]
ω1
res = 45.8 Hz

(4)

M2 : a2 = [1 − 1.65 0.945]
ω2
res = 42.6 Hz

(5)

ωires is the true resonance frequency for model 1
and model 2, respectively. λe = 1 will be chosen
in all simulations while λv will vary to simulate
different SNR. Φy(f) for the two simulation mod-
els are shown in Figure 3. In the figure it seems to
be a simple task to find the resonance peak, but
later we will see that this is not the case due to
the insufficient estimation model.
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Fig. 3. System spectrum with λv = 20 for model
1 and model 2, respectively.

4. ESTIMATION

The main task in the estimation is to find the
position of the resonance peak. The estimated
model parameters are transformed using (6) to the
position of the estimated resonance frequency.

p = −a1/2 +
√
a2

1/4− a2

ωres = atan
[
Im(p)/Re(p)

2πTs

] (6)

To evaluate the estimation properties both ana-
lytic expressions (where applicable) and simula-
tion results will be used. Especially the bias in the
position will be examined. For the estimation an
AR(2) model (1) will be used. Using least-squares
to estimate the model parameters, θ, the interpre-
tation (Ljung, 1999) in the frequency domain can
be seen as (7),

V̄ (θ) =
∫ fs/2

−fs/2
| Y (ei2πTsf )A(ei2πTsf , θ) |2 df

θ̂ = arg min(V̄ (θ))
(7)

where Y is the simulation model spectra and A
the model to be estimated.

4.1 Raw signal estimation

Inserting (3) into (7) and assuming the number
of data N → ∞ the loss function and parameter
estimation becomes (8).

V̄ (θ) =
∫ 250

−250

λe + λv | A(ei2πTsf ) |2
| A(ei2πTsf ) |2

× | A(ei2πTsf , θ) |2 df

θ̂ = arg min(V̄ (θ))
θ = [a1 a2]T

(8)

By visual examination of (8) it is easy to realize
that θ = θ0 will not minimize the loss function,
i.e., there will be a bias caused by the additative
noise floor. The relationship between SNR and

bias can be computed analytically using (8), but
it gives rather complex expressions. The bias is
defined as the difference in frequency between the
position of the true and the estimated resonance
peak. Figure 4 visualizes the analytically calcu-
lated bias for the two simulation models. It is clear
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Fig. 4. Bias in estimating the position of the peak
value of the resonance frequency using (8).

from the figure that the bias is unacceptable. For
large λv the poles is the estimation is real. Even
though it is quite easy to estimate the resonance
frequency visually as in Figure 3 the bias is about
20 Hz. The degeneration is due to the large fre-
quency distribution of the additative noise floor.
The main part of the resonance frequency is in
range 35 − 55 Hz, but the total frequency range
is 0− 240 Hz.

4.2 Preprocessing data

The standard procedure to treat the problem
with the large distribution of the noise floor is to
preprocess the data before estimation. Here, we
want to isolate the frequency range around the
resonance frequency which can be accomplished
by a bandpass-filter with appropriate cut-off fre-
quencies.

From Figure 3 it can be seen that the main part of
the resonance frequency is between 30 and 60 Hz
and a bandpass filter with these cut-off frequencies
will be used to isolate the resonance frequency in
the estimation. If an ideal bandpass filter is used
the loss function (9) only takes the frequencies
between 30 and 60 Hz into consideration.

V̄ (θ) =
∫ 60

30

λe + λv | A(ei2πTsf ) |2
| A(ei2πTsf ) |2

× | A(ei2πTsf , θ) |2 df

θ̂ = arg min(V̄ (θ))
θ = [a1 a2]T

(9)

Using (9) to estimate the model parameters re-
sults in the spectrum shown in Figure 5. In the
figure it can be seen that the position of the
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Fig. 5. Estimated spectrum for model 2 using (9)
with λv = 20

resonance peak is quite accurate. Instead the poles
of the estimated AR-model is moved closer to the
unit circle, â = [−1.68 0.99], and the resonance
frequency is more narrow. This is due to the large
frequency range eliminated by the bandpass filter.
The model is pushed to be zero in this range.
The bias of the estimation is shown in Figure 6.
For model 2 the bias is always negative. This is
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Fig. 6. Bias in estimating the position of the peak
value of the resonance frequency using (9).

because the estimated resonance peak is pushed to
the middle of the pass-band (45 HZ). This causes
trouble in the TPMS. If for example the resonance
frequency of a correctly inflated tire (model 1) is
in the middle of the pass-band and the inflation
pressure is reduced with 30 % (model 2). The true
difference in ωres is 3.18 Hz between model 1
and model 2. The estimated difference is shown in
Figure 7. The estimated difference is smaller than
the true and it decreases when the additative noise
floor increases. Although the detection sensitivity
detoriates the performance is acceptable.
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Fig. 7. Difference between the estimated reso-
nance frequency ωres of model 1 and model 2
using a pre-filter.

4.3 Down sampling

In both approaches studied above the estimation
of the model parameters has to take into consider-
ation the frequency range outside the distribution
of the resonance frequency. What we ideally want
is the estimation to consider only the frequency
range of the resonance frequency. A way of achiev-
ing this is to reduce the sampling rate.

Let us assume that the sampling rate is 480 Hz
for the signal y and we want to isolate the the fre-
quency interval [30− 60 Hz]. In (10) the first two
lowpass-filters the frequency content above 60 Hz
is removed and the sampling rate is decimated
to 120 Hz. The third lowpass-filter removes the
frequency content between [30−60 Hz], including
the resonance frequency. To preserve the reso-
nance frequency yds2−yds3 is used. This procedure
is equivalent to using a highpass-filter on yds2. The
sampling rate is then reduced to 60 Hz. In the last
down sampling the signal is reversed because the
sampling theorem is not fulfilled, i.e., the original
frequency 60 Hz is mapped to 0 Hz and 30 Hz is
mapped to 30 Hz.

By using lowpass-filters with cut-off frequency
half the Nyquist frequency only, the same filter
parameters can be used repeatedly.

yds1 = LP (0.5, y)
Decimate with factor 2

yds2 = LP (0.5, yds1)
Decimate with factor 2

yds3 = LP (0.5, yds2)
yds = yds2 − yds3

Decimate with factor 2

(10)

The result of the procedure if we assume ideal
filters is shown in Figure 8. The bottom plot shows
that the resonance frequency is more dominant in
the spectra than in the top plot. Using procedure
(10) the loss function (11) uses the down sampled
model ADS to estimate the model parameters.
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Fig. 8. Result of procedure (10). In the bottom
plot the spectra is reversed because the sam-
pling theorem is not fulfilled.

V̄ (θ) =
∫ 30

−30

λe + λv | ADS(ei2πTsf ) |2
| ADS(ei2πTsf ) |2

× | A(ei2πTsf , θ) |2 df

θ̂ = arg min(V̄ (θ))
θ = [a1 a2]T

(11)

In Figure 9 the bias for a simulation with model
1 and model 2 is shown. The true resonance
frequency after down sampling is about 14.24 Hz
for model 1 and 17.42 Hz for model 2.
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Fig. 9. Bias in estimating the position of the peak
value of the resonance frequency using (11).

The result is similar to the result using a pre-filter.
Also in this case the bias for model 2 is negative
because the estimation is pushed to the middle
of the spectra (15 Hz). Also the difference in
the estimation of the resonance frequency between
model 1 and model 2, shown in Figure 10, is also
similar to using a pre-filter. Although pre-filtering
and down sampling seems to have the same per-
formance there is one difference. The model fitting
after down sampling is much better than for pre-
filtering. This can be seen in Figure 11.

Another advantage with down sampling is that
the sample rate of the estimation procedure, re-
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Fig. 10. Difference between the estimated reso-
nance frequency ωres of model 1 and model 2
using down sampling.
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Fig. 11. True and estimated spectra for simulation
model 2 and λv = 20.

cursive in TPMS, is reduced with a factor 8 which
reduces the computational complexity.

5. SUMMARY AND CONCLUSIONS

Three different approaches to fit an inadequate
model to simulated tire vibration data are studied.
Using the simulation data without preprocessing
results in an unacceptable bias due to highly
oversampled data and the large distribution of the
noise floor. Introducing a pre-filter of bandpass
type reduces the bias of the peak value, but the
bias in the model parameters remain. The poles
of the estimation model is pushed to the unit
circle. The last approach uses down sampling to
isolate the information from the tire vibration.
The bias of the resonance frequency is similar to
pre-filtering, but the bias of the model parameters
are much better.
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