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Abstract. In this paper, we propose an algorithm to discriminate speech from
vehicle body impact noise in a car. Depending on road conditions such as the
presence of large bumps or unpaved stretches, impact noises from the car body
may interfere with the detection of voice commands for a speech-enabled service
in the car, which results in degraded service performance. The proposed algo-
rithm classifies each analysis frame of the input signal recorded by a microphone
into four different categories such as speech, impact noise, background noise,
and mixed speech and impact noise. The classification is based on the likelihood
ratio test (LRT) using statistical models constructed by combining signals ob-
tained from the microphone with those from an accelerometer. In other words,
the different characteristics detected by both acoustical and mechanical sensing
enable better discrimination of voice commands from noise emanating from the
vehicle body. The performance of the proposed algorithm is evaluated using a
corpus of speech recordings in a car moving at an average velocity of 30-50
km/h with impact noise at various signal-to-noise ratios (SNRs) from -3 to 1 dB,
where the SNR is defined as the ratio of the power of speech signals to that of
impact noise. It is shown from the experiments that the proposed algorithm
achieves a discrimination accuracy of 85%.

Keywords: Speech enabled service in a car, car impact noise, voice activity
detection, accelerometer.

1 Introduction

Interest in speech interfaces for controlling electronic products has grown rapidly
because of safety and convenience concerns. In a vehicle, it is particularly essential
for the driver to use a speech interface system to control electronic devices, e.g., car
navigation or telematics systems. However, the quality of the speech signal in car
environments is deteriorated by the numerous noise sources such as the car engine,
fan, audio system, wind, road, and conversation among passengers [1-3].
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Fig. 1. Examples of speech, background noise, and impact noise recordings: (a) male speech,
(b) noise when driving at 30-50 km/h

Road noise is resulted from the movement of a vehicle’s tires over the road sur-
face, and it is the major source of stationary background noise exposure. In particular,
the tires’ contact with a speed bump or barrier on a road induces vehicles to vibrate,
which brings about impact noises [4-6]. Furthermore, front and rear tires of vehicles
contribute to two successive impact noises, having durations and waveforms that are
similar to speech, as shown in Fig. 1. Even though impact noises degrade the perfor-
mance of speech interface systems such as hand-free communication systems and
speech recognition systems, few studies have been conducted which deal with impact
noises. Therefore, the development of a method of discriminating speech signal from
impact noise is required for the realization of successful speech interface systems in
car environments [7-10].

Therefore, this paper proposes an algorithm for discriminating impact noise and
driver’s speech signal in a car environment. This discrimination is accomplished by
the combination of three decision rules pertaining to non-background noise, impact
noise, and speech. Recently proposed statistical model-based decision rules have
demonstrated good performance by employing the likelihood ratio test (LRT) with the
complex Gaussian distribution [11]. In our experience, however, the statistical model-
based detectors were incapable of discriminating impact noises from speech because
two signals were very similar each other, as shown in Fig. 1. Thus, it is necessary to
obtain information on impact noise in an alternative way, which should not be signifi-
cantly affected by speech signal. Fortunately, the tires’ contact with a speed bump or
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barrier on a road induces impact noise that is further transmitted as vehicle shock
vibration over the car body [4]. This transmitted vibration can be easily measured by
an accelerometer. Thus, we can propose an impact noise activity detector comprising
the signals from an accelerometer instead of those from a microphone.

The remainder of this paper is organized as follows. Following this introduction,
we review a statistical model-based decision rule in Section 2. In Section 3, we pro-
pose a technique for discriminating impact noises from speech. In particular, the ap-
proach to utilizing an accelerometer in detecting impact noise activity is proposed. In
Section 4, we evaluate the discrimination performance of the proposed method. Final-
ly, we summarize our findings in Section 5.

2 Statistical Model-Based Target Signal Activity Detection

Target signal activity detection can be interpreted as a binary hypothesis test. Let
X,(¢) be the spectral component of a microphone signal, where k(=12,---,K) is a

frequency bin index and /¢(=1,2,---) is a frame index. Also, let 7,(¢) and D, (¢) de-
note the target and non-target spectral component, respectively. Then, two hypotheses
can be described as H,,: X,()=D,(/) and H, :X, ()= D (O)+T,(¢). Assuming
that 7,(¢)and D, (¢)follow zero-mean complex Gaussian distributions, the likelihood
ratioon H,, and H,, under the observation X, (¢), A,(X,(0). is given by,

1 O (DY (0)
_ : : 1
AdX (0 L+y, () exp[ 14y, (0 ] "

where y, (O)=1,, (Z)//iw (0) and @, () =1X,(0) Iz/lm, (¢). Here, y,,()and ¢, ()
indicate the a priori and a posteriori signal-to-noise ratio (SNR), respectively. In addi-

tion, A,,(¢¥)and A,, (¢)indicate target and non-target spectral variance, respectively.

Then, a target activity decision rule is established from the average value of the
log likelihood ratio for individual frequency bin as,

e HT,I

u @)

1 k-1
log A, (£) =— ¥ logA, (/)
K =0

T * 7,0

where 7, is a pre-determined decision threshold. Consequently, the decision rule
strongly depends on the reliable estimate of A, (0)/4,, () and y, (O)/ ¢, (0). In

other words, the statistical model-based target signal activity decision rule requires
target and non-target signal spectral variance estimation. Therefore, the decision pro-
cedure is rewritten as

{H,, or H, }= R, W (0,0, (GNP W (3)

where R, () is a statistical model-based decision function and Vk means that all
frequency bins are used to decide the target signal activity.
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3 Proposed Impact Noise and Speech Discrimination Method

Let N, (¢) denote the k-th spectral component of the /-th frame of background car
noise, distributed over the entire time interval, as shown in Fig. 1(b). In addition, let
V,(¢) and S, (¢)be impact noise and speech of the k-th frequency bin and the /-th
frame, respectively. Then, depending on the presence or absence of V,(¢) and S, (¢),

four hypotheses could be constructed as

Hy: X, (H)=N, () H, :X,(0)=N,(0)+V,(0)

4
H,:X, ()=N,()+S,(0),  H,:X,()=N,_()+S,(0)+V,(0). @

This paper aims to decide which hypothesis out of four hypotheses, i.e., H,, H,,
H, and H,, is true. Assuming that N,(¢), V (/) and S,(¢) follow zero-mean com-
plex Gaussian distributions, 16 likelihood ratios, i.e., A, (i=0,1,2,3; j=0,1,2,3), could be
derived directly on H,, H,, H, and H, [12]. The approach using 16 likelihood

ratios makes it difficult to tune the relevant parameters and optimize its performance.
Instead, the 16 hypotheses can be reduced into six ones by properly combining three
kinds of target signal activity hypothesis models. The first of them is the hypothesis of
non-background noise, H,, which corresponds to any of impact noise, speech or

both. On one hand, H, and H, are defined for only speech and impact noise activi-

ty, respectively. They are represented as

Hy o X, ()=N,({), Hy, :X,({)=N,(0)+VS,(f) with VS, (0)=V,()+S.(0) (5a)
Hg,: X, (0)=NV,(0), Hy :X,(()=NV,()+S,(f) with NV (£)=N,(H)+V, (/) (5b)
Hy,:X,()=N,(0), H, :X,({)=NS,(0)+V,(f) with NS,(/)=N (O)+S.(?). (5¢)

From Egs. (5a), (5b) and (5¢), we can further define four different hypotheses, includ-
ing only background noise activity, H,, speech activity, H,, impact noise activity,

H,, and mixture of speech and impact noise activity, H,.That is,

H, < H,, &H,, & Hg,, H «« Hy, & H,, & H;, (6a)
H, < Hy, & H, & H,, H, < H, & H, & H. (6b)

Fig. 2 shows a block diagram of the proposed approach. First, the power spectral
density (PSD) of the acoustic signal, 1X,(¢)I>, which is obtained from a microphone,

is used to detect non-background noise and speech activity, i.e., Hy,/H,,. On the
other hand, the PSD of the vibration signal, 1Y, (/)I*, which is obtained from an
accelerometer, is used to detect impact noise activity, H,,/ H,,. In addition, the
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Fig. 2. Block diagram of the proposed discrimination approach between impact noise and
speech

vibration signal-based impact noise activity decision, H,, / H,, , and non-
background noise and speech activity decision, H,,/H,, , are also utilized together
to estimate the spectral variance, A, (¢), of impact noise from a microphone, which
is used to decide speech activity, i.e., H,,/ Hg,. Finally, among H,, H , H, and
H,, we decide which hypothesis is true by using the three decision results of H, /
Hy,, H,,/H, ,and H  /H,.

3.1  Statistical Model-Based Impact Noise and/or Speech Activity Detection

From the hypothesis on the presence, H,,, or absence, H,,, of non-background

noise in Eq. (5a), we can detect non-background noise activity using a statistical mod-
el-based decision rule, as defined in Section 2. That is,

{Hyso or Hyo } =R W5, (0,05, (0,705 (7

where R, () denotes a statistical model-based decision function for the non-
background noise activity, VS(¢), and 7, is a threshold.

3.2 Statistical Model-Based Speech Activity Detection

Contrary to Section 3.1, from the hypothesis on the presence, H,,, or absence, H

S.1° S0
of speech in Eq. (5b), we can also detect speech activity using a statistical model-

based decision rule, such as

{Hg, or Hy }=RiW,, (0,05, (015) ®)
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where %R (-) denotes a speech activity decision function for S(¢) and 7, is a

threshold.
In Eq. (8), v, (=2, (0)/ Ay, (0) and @ ()= X, ()1 /A, ,(¢). In order to es-

timate y,, (¢) and ¢, (¢), the estimate of A,,,(¢), 4,,,(¢),is obtained by

j’NV,k (0= /’/{’NAI( O+ j'vx )] (9)

where /iN‘k(f) and /?A” (¢) are the PSD estimate of background noise and impact

noise, respectively. Note that A,,(¢) has been already estimated from the non-
background noise activity estimation procedure. In addition, we will give a detail
explanation on estimating ﬁ” (¢) in the next subsection. In order to estimate w,(¢),

/7:“ (¢) should be also estimated before, which is done by a spectral subtraction me-

thod between A, (¢) and i” (¢) by the following equation of

A (1) =max(Ays 4 () = B Ay 4 (),0) (10)

where [ is a tuning parameter.

3.3 Impact Noise Activity Detection Using an Accelerometer

As mentioned in Section 1, we utilize an accelerometer for impact noise activity de-
tection. Let Y, (¢) be the spectral component of sensing signal by an accelerometer at
the k-th frequency bin and ¢-th frame. Also, let N;(¢) and V/(¢) denote the accele-
rometer noise (or impact noise) and impact vibration, respectively. Then, two
hypotheses can be postulated as H; ,: Y, (/)=N,({) and H, :Y ({)= N (O)+V/({).

Applying a statistical-based decision rule similar to Eq. (3), we can detect the impact
vibration activity by

{Hy, or Hy }=%, W, (0.0, (0.0 (1D

where the distributions of N;(¢) and V/(¢) are zero-mean complex Gaussian, R} (-)
denotes a decision function of an impact vibration activity, and 7, is a threshold.

Figs. 3(a) and 3(b) show that the time interval of impact noise is similar to that of
impact vibration, which is estimated by a log likelihood-based decision rule depicted
in Fig. 3(c). Thus, upon this observation, we alternatively use the impact vibration
activity interval instead of the impact sound activity interval in this paper.
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Fig. 3. Illustration of the relationship between impact noise and impact vibration; (a) the acous-
tic signal obtained from a microphone, (b) vibration signal obtained from an accelerometer and
(c) log likelihood estimate of the impact vibration activity

Although the impact noise activity detection is approximately accomplished by de-
tecting the impact vibration activity, the spectral variance estimate of the impact

noise, i” (¢) , is required in Egs. (9) and (10). In other words, we use a Wiener filter

in order to estimate i” (0) . Also, JCN” (¢) is estimated by a recursive procedure ex-

ecuted only when H;  is determined to be true. That is, we have

j'Ns,k (H= gNS '/’/{’NS,I( (-D+1- gNS ) j"vs‘k ) (12)

where (,, is a smoothing parameter.
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Fig. 4. Configuration of an accelerometer sensor and a microphone system in order to collect
impact vibration and speech signals from a commercial navigation system

(b) ©

Fig. 5. Snapshot of the road conditions for impact noise; (a) a speed bump, (b) two successive
convex hemispherical surfaces, and (c) a concave surface

4 Performance Evaluation

Fig. 4 shows a system employing a microphone and an accelerometer, which was
constructed in a 2,000 cc class vehicle in order to collect test data for performance
evaluation. In particular, a commercial navigation platform equipped with a low cost
microphone was used to collect speech test data. Here, B&K type 4393 accelerometer
sensor was used in order to measure the car impact vibration signal, where a B&K
Type 2692 conditional amplifier was used to adjust the signal power. The desired
speech signal was played from a speaker mounted below the headrest of the driver’s
seat under a clean condition. The background noise, impact noise, and vibration signal
were recorded while driving the car at an average speed between 30 and 50 km/h
subject to three different road conditions shown in Fig. 5.
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Table 1. Confusion matrix between the manual decision and the decision by the proposed algo-
rithm

Decision by the Proposed Algorithm
Case | Case 11 Case 11l
H H H, H; |H H H, H; | H H H H;
H, 914 18 66 0.1 927 24 47 03|96 16 28 0.05
H, 103 8.2 35 09|73 8.6 03 28|99 762 17 122
H, 6.1 0 939 1033 09 85 72 - - - -

H; - - - - - - - - 03 42 104 852

Manual

Decision

Located on the dashboard, 10 speech utterances by 5 males and 5 females, 10 im-
pact noise signals, and vibration signals were separately recorded at a sampling rate of
16 kHz. In order to simulate the driving conditions, we mixed speech signals with
impact noise in three different ways. For the first case, impact noise occurred at the
beginning of the speech interval, which was referred as Case I. For the second one,
impact noise appeared at the end of the speech interval (Case II). Lastly, we added
impact noise into the speech interval (Case III). Subsequently, 100 mixed utterances
were prepared as a test database, where SNRs ranged from -3 dB to 1 dB.

The proposed method was applied once every frame whose length was 20 ms long.
In order to obtain spectral components, we applied a 320-point discrete Fourier trans-
form (DFT). Throughout the experiment, we set 7, =0.5 in Eq. (7), n,=0.5 in Eq.
(8), F=0.5inEq. (10), , =0.15in Eq. (11), and ¢,, =0.9 in Eq. (12).

The performance of the proposed method was measured as an accuracy ratio be-
tween the decision outputs from the proposed algorithm and those obtained manually.
Table 1 summarizes the results in a confusion matrix form. As shown in the table, the
proposed method exhibited more than 85% accuracy in Case I and Case I1. The accu-
racy of Case III was lowered than those of Case I and Case II. This was mainly con-
tributed by the confusion between H, and H, states.

5 Conclusion

In this paper, we proposed a technique to discriminate between impact noise and
speech activity in a car environment. The proposed technique employed three statis-
tical model-based decision rules, for non-background noise, impact noise and speech
activities. In particular, an effective impact noise detector using an accelerometer was
proposed. Then, each decision rule result was utilized to discriminate between an
impact noise and speech activity. From the performance evaluation, the proposed
algorithm had a discrimination accuracy of 85 %.
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