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Abstract
This paper proposed a method for automatically estimating traffic density by using sounds of moving vehicles.

The approach is based on the idea of recognition of the temporal variations that appear on the power signals
when vehicles pass through an observation point. The local temporal variations in small periods of time are
extracted by wavelet transformation and are used as an observation sequence for a hidden Markov model, which
models the global temporal variations of the power signal. The passages of vehicles are detected based on the
state transitions of the HMM. The occlusion problem due to the overlapping of the sounds of moving vehicles are
dealt with by corresponding two set of information from a stereo microphone. Experimental results show that with
some restrictions, the passages of vehicles are able to be detected from road traffic sounds in good accuracy, by
the proposed method.

1. Introduction

Traffic density is important information required for grasp-
ing traffic situations, estimating the amount of exhaust gas,
planning road maintenance and so forth. In the present traffic
census carried out in Japan, the traffic density by time peri-
ods, directions of traffic flow, and vehicle types is still mostly
measured with the help of human hands. The automation of
measurement of traffic density has become a pressing need
indispensable for various development fields of intelligent
transportation systems (ITS).

Many research efforts on automatic acquisition of traffic
information have been made using local sensors such as in-
duction coils, ultrasonic sensors, etc. On the other hand, to
overcome the limitations of local sensors so that informa-
tion from a wider area can be obtained, recent years, stud-
ies based on visual tracking techniques have become ac-
tive and gained considerable interest [KWJ∗02], [KMI∗00],
[NSI∗00], [AS03]. The major part of the kind of studies
have aimed at enhancing the robustness of the tracking tech-
niques, with a view to putting these techniques to practical
use. For instance, Kato et al. established an HMM/MRF-
based (hidden Markov model/Markov random field-based)
stochastic framework that is applicable to tracking vehicles
against the shadows of moving objects [KWJ∗02]. Kamijo
et al. proposed a vehicle tracking method based on MRF,

which deals with occlusion caused by overlapping of vehi-
cles on images [KMI∗00]. Abe et al. detected vehicles us-
ing angle features, extracted by a Harris operator, which are
less influenced by the change of lighting conditions [AS03].
However, these methods essentially have the same problem
as any approaches based on image processing, namely, the
detection accuracy of vehicles deteriorates as lighting con-
ditions get worse.

From the viewpoint described above, this paper proposes
a totally different method that estimates traffic density auto-
matically by recognition of the sounds of moving vehicles.
Since sounds are not influenced by lighting conditions and
usually include information associated with a broad scope,
they are able to not only complement the weakness of im-
ages, but in some specific situations, can even be expected
to be more useful than images.

2. Overview

The estimation of traffic density can be realized by recog-
nition of the moments when vehicles pass through an ob-
servation point. Because in real traffic environment, vehicles
more than one are running on a road, the difficulty of this
work is how to reliably recognize the moving vehicles from
the sound mixed with the sounds from other moving vehicles
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Figure 1: Positional relations between two cars. The safe distance between cars in streets is considered as at least two seconds.

and even from environment noise (i.e. in the situation where
occlusion of the sounds of recognition targets happen).

2.1. Assumption

The road situation coped with in this paper is limited to a
road with two lanes, each in the opposite direction with the
others (see Fig. 1). Moreover, we assume that the mixed road
traffic sounds do not include those from idling cars (i.e. ex-
clude the case of traffic congestion). They are defined as the
mixture of the environment noise (in the situation when no
cars pass) and the sounds of moving vehicles, recorded when
vehicles are passing through an observation point. Weather
conditions are supposed to be no rain and weak wind. The
microphone used to record the road traffic sounds is installed
in a sidewalk in the direction perpendicular to the lanes, as
shown in Fig. 1.

2.2. Occlusion of Sounds of Moving Vehicles

There are two situations where occlusion of the sounds of
moving vehicles occurs. One is that a car, car B, on the op-
posite lane closes to an observation point, after a car, car

A, running on the front lane passes through the same obser-
vation point. This kind of occlusion interferes seriously with
detection of passages of both the vehicles, because the sound
of the reduction of car A is overlapped by the sound of the
increase of car B. Another situation is that car B closes to
the observation point before car A passes through the same
place. Obviously, this kind of occlusion is not a serious prob-
lem.

The first kind of occlusion can be further classified into
three types, as shown in Figs. 1(b), 1(c) and 1(d), according
to the positional relations between two cars from the view-
point of car A. In Figs. 1(c) and 1(d), the car running on the
opposite lane, car B, closes to the observation point after car
A passes through the same place.

2.3. Approach

Frequency analysis for sounds of moving vehicles shows
that (1) the components in low frequency bands are stronger,
(2) the spectral envelops of the sounds are much flatter than
those of speeches, and (3) the spectral envelops before and
after a car passes through an observation point are quite simi-
lar. According to (2) and (3), it seems difficult to successfully
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Figure 2: Overview of detecting passage of vehicles.
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Figure 3: Processing for obtaining the local gradients.

recognize the passage of vehicles using the features based on
the spectral envelops.

We direct our attention to the point that the power of
the sound becomes large gradually as a car approaches to
an observation point and gets small gradually as it leaves

away. That motivates us to recognize the passages of vehi-
cles by detecting the temporal variation of the power of the
sounds of moving vehicles. Our recognition method consists
of three steps. First, the portion of the power of the sound
below a threshold is regarded as background noise and re-
moved. Second, the temporal variation of the power during
individual small periods of time are extracted as the local
features, and then categorized using a hidden Markov model
(HMM), which describes the global change of the power.
Finally, the passages of vehicles over an observation point
is recognized according to the transition of states within the
HMM.

3. Recognition of Sound of Moving Vehicles

3.1. Features for Measuring Local Temporal Variation

The local temporal variation is defined as the increase or de-
crease of the power during a small period of time (about 0.1
second). To extract this kind of features, we first perform
time-frequency analysis for each frame of the power signal
using wavelet transformation. Then, the results are linearly
approximated and the gradients in individual small periods
of time are calculated. The gradients give the local varia-
tion of the power. Obviously, when a vehicle closes to or
leaves away an observation point, the gradients in successive
frames continue positive or negative for a while.

The procedure for obtaining the local temporal variation
is given in Fig. 3. We describe each processing below.
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Figure 4: Procedure for computing the time-frequency space by wavelet transformation.

A. Preprocessing

The preprocessing is applied for smoothing the signal f (t),
recorded by a microphone, as

g(t) = f (t)−a f (t −1), (1)

where the parameter a is set to be 0.97.

B. Wavelet Transformation

The signal g(t) obtained from the preprocessing is separated
into frames, {g̃(l)} with equal size of Tf . Applying wavelet
transformation to frame g̃(t) means to calculate

(Wψ f )(a,b) =
Z

R
g̃(l)ψ̄a,b(l)dl, (2)

where ψa,b(t) is the basis function [Iwa95], [Wil93]. We re-
alize this transformation by multiplying the frame with a
wavelet filter coefficient matrix C, namely,

ḡ(l) = g̃(l)C, (3)

where C consists of only four coefficients discovered by

Daubechies [Wil93]:

c0 = 0.4829629131445341,

c1 = 0.8365163037378079,

c2 = 0.2241438680420134,

c3 = −0.1294095225512604.

Time-frequency analysis is a repeated process including
two steps: wavelet transformation and permuting. In the first
step, in accordance with Eq. 3, the wavelet transformation
produces ḡ(l) with the size of Tf /2k, where k indicates the
kth iteration. In the second step, the wavelet coefficients are
permuted into a new list written as gk(l). The first half of
gk(l) is treated as the input to the wavelet transformation in
the next iteration. Therefore, for a frame with the size of 2k,
this process can be repeated k times, and we finally obtain
a time-frequency space S(τ, f ) for each frame as shown in
Fig. 4.

The frequency for sampling ( fs) is set to be 48 kHz, and
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the frame size (Tf ) to be 128 (about 0.003 sec) for obtaining
the lower frequency around 100 Hz. Since 0.003 second is
too short to catch the local temporal variation, we average
the data in S(τ, f ) by

F( f ) =
1

Tf /2

Tf /2

∑
τ=1

S(τ, f ), (4)

and treat F( f ) as the power spectrum of each frame. On the
other hand, we cut the data with the frequencies higher than
12 kHz or lower than 100 Hz, and apply subsequent pro-
cessings only to the remaining. Moreover, we average F( f )
in the frequency direction between 100 Hz and 12 kHz by

P(k) =
κ−1

∑
f= f100

1
ζ f

F( f ). (5)

C. Scaling, Threshold Processing and Smoothing

Three processings are further applied to the power spectrum
to make the measurement of the local temporal variation
possible. Firstly, because the power spectrum obtained by
Eq.5 is usually a value extremely close to zero, it is scaled
by

Pl(t) = 10∗ log10(P(t)). (6)

Secondly, since the power when a vehicle passes through an
observation point is much stronger than background noise,
we cut the components with smaller power using a threshold
value for simplicity. Finally, the power spectrum is smoothed
in a segment consisting of 2K +1 frames by

c(t) =
1

2K +1

K

∑
k=−K

Pl(t + k), (7)

to resist against effects from minute variation of the data.

D. Line Fitting

To obtain the local temporal variation, we compute the gra-
dient in a segment of 2L + 1 frames centralized at frame i,
by the technique called line fitting [Ima96]. This task means
to find a straight line, c̃(i+ k) = a(i)k +b(i), in the segment
that minimizes a weighted mean square error expressed by

ε =
L

∑
k=−L

wk(c̃(i+ k)− c(i+ k))2, |k| ≤ L. (8)

The parameter a(t) which minimizes the error is regarded as
the gradient we seek. In our work, a(t) is computed by

a(t) = KL

L

∑
k=−L

wkkc(i+ k), KL = 1/(
L

∑
k=−L

wkk2) (9)

where the weight wk is a even window function that takes
value zero within {k > L,k < −L}. We use a function called
Blackman window given by

wk = 0.42+0.5cos
2πk
2L

+0.08cos
4πk
2L

, |k| ≤ L. (10)
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Figure 5: The distribution of the local features in the situa-
tions before and after a vehicle passes through an observa-
tion point.

3.2. The Model for Recognition of Global Temporal
Variation

The features that express the local temporal variation can
be classified into two categories: I and D, which correspond
to the situations before and after a vehicle passes through an
observation point, respectively. Figure 5 shows a distribution
of the local features that are extracted from real data (black
for I and gray for D). We use an HMM to take into account
that the signal belongs to each category for a period of time.

DI DI

Figure 6: The HMM for recognition of global temporal vari-
ation of the signal.

A. The Hidden Markov Model

The HMM consists of two states as shown in Fig. 6. We give
the notations that will be used frequently.

• S = {S1, · · · ,SN}, states,
• Q = {q1, · · · ,qT}, the states at time step t,
• ot = {O1, · · · ,OT}, observation,
• O = {o1, · · · ,oT}, observation sequence,
• A = [ai j], ai j = P(qt+1 = j|qt = i), state transition prob-

ability matrix,
• B = [b j(ot)], b j(ot) = P(ot |qt = j), probability of observ-

ing the observation ot in state j,
• π= [πi], πi = P(q1 = i), initial state probability.

Based on the characteristics of real data as shown in Fig. 5,
the distributions of observation probabilities for I and D are
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Figure 7: The directional characteristics of the stereo mi-
crophone.

modeled by Gaussian densities, hence,

b j(ot) =
1√

(2π)M |U j|
exp

(
−1

2
(ot −µ j)

′U−1
j (ot −µ j)

)
.

(11)
The approximation using Gaussian densities leads to an ad-
vantage of characterizing observations only by mean vectors
µ j and covariance matrices U j.

B. Parameter Learning and Initilization

Let λ = {A,B,π}denote the model parameters. We seek λ
that maximizes the likelihood L = log(P(O|λ)) using Baum-
Welsh reestimation formula, a kind of EM algorithms. EM
algorithms are iterative procedures that produce a sequence
of estimates for λ given data O, so that each estimate λ(m+1)

has a greater value of the likelihood L than the preceding
estimate λ(m).

To compute P(O|λ), we use two auxiliary probabilities
called forward and backward probabilities:

αt(i) = P(o1, · · · ,ot ,qt = i|λ),

βt(i) = P(ot+1, · · · ,oT |qt = i,λ),

which are calculated by the following steps.

1. For 1 ≤ i ≤ N, compute

α1(i) = πibi(o1) (12)

βT (i) = 1 (13)

2. For 1 ≤ i ≤ N, compute αt+1(i) from t = 1 to T −1, and
βT (i) from t = T −1 to 1.

Other two necessary auxiliary probabilities

γt(i) = P(qt = i|O,λ),

ξt(i, j) = P(qt = i,qt+1 = j|O,λ)

are calculated for 1 ≤ i ≤ N by

γt(i) =
αt(i)βt(i)

∑N
j=1 αt(i)βt(i)

, (14)
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Figure 8: Correspondence of stereo information.

ξt(i, j) =
αt(i)ai jb j(ot+1)βt+1(i)

∑N
k=1 αt(k)βt(k)

. (15)

With these auxiliary probabilities, the model parameters are
learned repeatedly using the following reestimation formu-
las:

π̄i = γ1(i), (16)

āi j =
∑T−1

t=1 ξt(i, j)

∑T−1
t=1 γt(i)

, (17)

µ̄ j = ∑T
t=1 otγt(i)

∑T
t=1 γt(i)

, (18)

Ū j =
∑T

t=1(ot −µ j)(ot −µ j)′γt(i)

∑T
t=1 γt(i)

, (19)

until a certain criterion has been satisfied.

Since EM-type algorithms achieves local maximization,
parameter initialization is important. Suppose I and D to be
the first and second state, respectively. The initial state tran-
sition matrix is chosen as

A =

(
1− 1

τI

1
τI

1
τD

1− 1
τD

)
, (20)

where τI and τD are the typical time the signal belongs to
I and D, which are contained from training data [KWJ∗02].
The initial state probability is initialized as

π= {1.0,0.0}, (21)

and the initial values for the means and variances of obser-
vation probability distributions are also learned from data.

C. Estimation of Optimal State Sequences

When the model parameters have been estimated in a train-
ing process, the “optimal" state sequence associated with an-
other observation sequence (test sequence) has to be cho-
sen, given the model. To realize real-time recognition of the
sound of moving vehicles, we adopt

P(qt |o1, . . . ,ot ,λ) =
αt(i)

∑N
i=1 αt(i)

, (22)

q∗t = arg max
1≤qt≤N

{P(qt |o1, . . . ,ot ,λ)}, (23)

as the optimal criterion that maximizes P(qt |o1, . . . ,ot ,λ),
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Figure 9: Some examples of recognition results

the probability of the state at time step t given only the past
observation sequence.

3.3. Utilization of Stereo Information

To deal with the occlusion problems described in Section
2.2, we use a stereo microphone that has the directional char-
acteristics shown in Fig. 7 and is connected with a video
camera. When a vehicle is running into the range of the cam-
era from the right-hand side of the image, the passage infor-
mation detected by the right microphone (R) is around the
moment when the car enters this range, and that detected by
the left one (L) is around the moment when the car leaves
away this range. So, it is possible to detect a vehicle by inte-
grating the information from both L and R so that the occlu-
sion problems shown in Figures 1(c) and 1(d) can be allevi-
ated.

Suppose that time for a car to pass through the range of a
camera is about 1 second. That means within 1 second before
or after the passage time detected by one microphone, that
detected by another microphone exits. An algorithm to inte-
grate the time information detected by L and R is described

as follows. It also stands up when L and R are exchanged
with each other.

Step 1 Look into the time information detected by L from
0.0(s). If there is time information associated with one
car, which is detected by R within one-second-distance
from the time information detected by L, goto Step 2, oth-
erwise goto Step 3.

Step 2 Let the time information detected by L and R corre-
spond with each other (the situations shown in Figs 8(a)
and 8(c)).

Step 3 Let the time information earliest detected by R,
which has not been associated with any information de-
tected by L, correspond to that detected by L (the situation
shown in Fig. 8(b)).

If there is any time information detected by one micro-
phone which can not associate with that detected by another
microphone, that means existence of either a mis-detection
or occlusion raised by vehicles running on the opposite lane.
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Figure 10: The images from the 48th to 70th frame.

4. Experiments and Remarks

4.1. Data and Methods

The data used in the experiments are obtained at an obser-
vation point that localized between two traffic lights and
about 2m away from a road at night, using a stereo micro-
phone (Audio-technica AT822) connected with a video cam-
era (Panasonic NV-DL1). The road traffic sounds are sepa-
rated from the data recorded by the camera with sampling
frequency of 48 kHz, in which totally 186 vehicles (includ-
ing 176 cars and 10 motorbikes) are observed.

The features expressing the local temporal variation are
extracted from the sound using the method described in Sec-
tion 3.1, under the conditions given in Table 1. The feature
data associated with 10 vehicles in the situation as shown
in Fig. 1(a) are picked out and used as the training data for
learning the HMM parameters. The feature data of remain-
ing 176 vehicles are used for testing.

The moment when the HMM transits from state I to state
D is recognized and determined as the moment when a vehi-
cle passes through the observation point. The passage infor-
mation detected by the left and right microphones are then
corresponded with each other. In the case the correspon-
dence is found, a vehicle is considered to pass through the
observation point during the time interval bounded by the
two detected moments.

Figure 11: The images from the 180th to 196th frame. Two
cars pass through the observation point at the same time.

Table 1: Conditions for experiments.

Frame size 2048 (0.0427(s))

Frame shift 2048 (0.0427(s))

Value for thresholding -25(dB)

Time interval for smoothing 7 frames (K=3)

Time interval for line fitting 7 frames (L=3)

4.2. Results

We first give some examples of recognition results in Fig. 9.
From Fig. 9, we can see that the probability being in state I
becomes small gradually, and moreover when the probability
gets lower than 0.5, the HMM transits to another state D. It
is considered that a vehicle passes through the observation
point around this moment.

The correspondence of the stereo information obtained
from the left and right microphones has also been indicated
in Fig. 9. For example, the passage times indicated as (1),
(3) and (5) detected by L and R are corresponded with each
other. In the results from L, the passage of a vehicle is de-
tected at the 48th frame, while in the results from R, that as-
sociated with the same vehicle is detected at the 70th frame.
Figure 10 gives the images during the same time period.
From Fig. 10, we can confirm that a vehicle not only really
passed through the observation point, but the direction (from
the left to the right) and the duration of the vehicle’s passing
correspond with the recognition results shown in Fig. 9. Let
us see another example. In the results from R, the passage
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Table 2: Summary of Recognition Results.

Positional relations between vehicles Number of detected
vehicles

Total number of
vehicles

Recognition ratio

No cars nearby in 2s-distance (Fig. 1(a)) 40 42 95.2%

A car behind in 2s-distance (Fig. 1(b)) 83 86 96.5%

A car on the opposite
lane in 2s-distance

Two cars do not overlap on
images (Fig. 1(c)) 28 29 96.5%

Two cars overlap on im-
ages (Fig. 1(d)) 15 19 78.9%

Total 166 176 94.3%

Over-detection 12

of a vehicle is detected at the 181th frame and in the results
from L, that associated with the same vehicle is detected at
the 180th frame. Moreover, another vehicle is detected at the
196th frame. From the images taken during the same time
period (Fig. 11), we can find that two vehicles crossed when
they passed through the observation point. The recognition
results based on L does not misses the passage of either ve-
hicle.

The recognition results for the data including 176 vehicles
are collectively shown in Table 2, where some details by the
positional relations of vehicles as described in Section 2.2
(also see Fig. 1) are given. From the table, we can find that
166 vehicles during 176 vehicles, equivalent to 94%, are de-
tected. Even in the situation where occlusion takes place, the
recognition ratio reaches 90%.

The recognition ratio in the situation where two vehi-
cles overlap with each other on images (Fig. 1(d)) is lower
(78.9%) than other situations. This is because in this situa-
tion, the features of temporal variations do not clearly appear
on the power signals. To solve this problem, additional fea-
tures are probably needed. As to 12 cases of over-detections,
we find that they almost occur before or after a car or a mo-
torbike, which emits allophone, passes. To reduce this kind
errors, we think the use of differences of frequency ranges
will be effective.

5. Conclusions

This paper proposed a method for estimating traffic density
by using sounds of moving vehicles. The approach is based
on the idea of recognition of the temporal variations that ap-
pear on the power signals when vehicles pass through an ob-
servation point. Experimental results show that with some
restrictions, by the proposed method the passages of vehi-
cles are able to be detected from road traffic sounds in good
accuracy.

As the future work, it is necessary to improve our method
so that it can be adapted to more general traffic environ-
ments, and furthermore to integrate the information from the
sounds with the information obtained from movies by visual
tracking techniques.
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