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ABSTRACT Liu [4] described a vehicle recognition system that used a

Vehicles may be recognized from the sound they make when mo\Riological hearing model [13] to extract multi-resolution feature
ing, i.e., from theiracoustic signatureCharacteristic patterns may Vectors. Three classifiers: learning vector quantization (LVQ),
be extracted from the Fourier description of the signature and use§e€-structured vector quantization (TSVQ), and parallel TSVQ
for recognition. This paper compares conventional methods useld®TSVQ), were evaluated on the ACIDS database. A recognition
for speaker recognition, namely, systems based on Mel-frequen@gcuracy of 92.6 % was presented for classmcatlon of single frames
cepstral coefficients (MFCC) and either Gaussian mixture modelt in-sample conditions. The accuracy increases to 96.4 % by us-
(GMM) or hidden Markov models (HMM), with Bayesian sub- iNg a block of four contiguous frames; however, the block recogni-
space method based on the short term Fourier transform (STFT) §Pn performance dropped to 69% when using out-of-sample testing
the vehicles’ acoustic signature. A probabilistic subspace classifi¢fata.
achieves a 11.7% error for the ACIDS database, outperforming con- Sampan [10] presented the design of a circular array of 143 mi-
ventional MFCC-GMM- and MFCC-HMM-based systems by 50%. crophones used to detect the presence and classify the type of vehi-
cles. The acoustic signals were sampled at 44.1 kHz and separated
1. INTRODUCTION in 20 msec. long windows. The array sensor was designed to work

n high frequencies; therefore, audio frames were restricted to the

All vehicles emit characteristic sounds when moving. These Soundﬁequency band [2.7 kHz, 5.4 kHz]. The feature vectors consisted
may come from various sources including rotational parts, vibra- . e )

ti in th . friction betw the ti d th gf energy features extracted in this frequency band. Two differ-
lons In theé engine, riction between the ures and the pavement,,; q|assifiers, a multi-layer perceptron and an adaptive fuzzy logic
wind effect, gears, fans. Similar vehicles working in comparableS

conditions would have a similaacoustic signaturahat could be ystem, were used for vehicle recognition. Classification rates of
et 97.95 % for a two-class problem, 92.24 % for a four-class problem,
used for recognition. = o . and 78.67 % for a five-class problem were reported in this work. In-
The aim ofacoustic signature recognition of vehicieso apply  igentaly, array microphones have also been successfully used for
techniques similar to automatic speech recognition to recognize t

type of the moving vehicle, based on its acoustic signal. Automatic eaker rec.o.gnmon by L"? et'_ al. [3]. . .
acoustic surveillance enables continuous, permanent verification of Recognition of acoustic signatures is usually performed in two
compliance with limitations of conventional armaments, as well a$teps. The first one, called front-end analysis, converts the cap-
with peace agreements, tasks for which there could be insufficierftiréd acoustic waveform into a set of feature vectors. The sec-
personnel or where continuous human presence could not be easﬂ?d one, named back-end recognition, obtains a statistical model
accepted. Acoustic surveillance could also play a crucial role in th&' the vehicle feature vectors from a few example utterances and
success of military operations. performs recognition on any given new utterance. This paper com-
Several systems have been proposed for vehicle recognition [2ares the recognition performance of three different systems. Given
4,5, 10, 12] in the past. A common focus of these systems is placet@e similarity between vehicle and speak_er recognition, the f_|(st two
on the analysis of fine spectral details from the acoustic signatureSyStems represent the state-of-the-art in speaker recognition and
However, it is difficult to compare these systems because both th@rovide a baseline performance. These two systems use a front-
databases and the experimental conditions (such as sampling ra@8ld based on Mel-frequency cepstral coefficients (MFCC). These
frame size, type of recognition recognition) are different. feature vectors provide a spectral Qescrlptlon of the signature by
Choe et. al. [2] and Maciejewski et. al. [5] designed their Separating the spectral |nf0rmat|on into bar)ds, fpllowed py an or-
systems based on wavelet analysis of the incoming Wavefomglogong_llzmg transformation, and adlmensmnallty_ reduc_:tlon. The
and Neural Networks classifiers.” Choe et. al. applied Haar anfcognition back-ends are based on either Gaussian mixture mod-
Daubechies-4 wavelets to feature signals selected by hand from a@ls (GMM) [9] or hidden Markov models (HMM) [1]. These two
dio data collected from 2 military vehicles. The audio data wasSyStems use a coarse representation of the spectral information of
sampled at 8 kHz and at 16kHz. A recognition rate of 98 % waghe signature. In contrast with them, we propose a novel approach
obtained with statistical correlation for in-sample utterances. Mathat pays close attention to fine spectral detail of the signatures.
ciejewski et. al. used Haar wavelets to preprocess audio data sarh€ feature vectors consist of the log-magnitude of the short term
pled at 5 kHz. Two different classifiers, a Radial Basis Functionourier transform (STFT) of the acoustic signatures. These spec-
network with 8 mixture components and a multilayer perceptron!ral vectors have sufficiently high dimensionality in order to pro-
were utilized to identify a military vehicle out of 4 possible candi- Vide & precise representation of the acoustic characteristics of the
dates. A recognition rate of 73.68% was achieved by the RBF in théighature. However, estimation of probability density functions in
classification of out-of-sample frames. high-dimensional spaces may be quite u_nrellable._ The_solutlpn of
Wu et. al. [12] applied short-time Fourier transform and princi- the trade-off can be achieved by projecting the high dimensional
pal components analysis (PCA) for vehicle recognition. The systerfgature vectors to a low dimensional subspace in which density es-
sisted of the normalized short-time Fourier transform of frames ofVith & probabilistic subspace classifier.
the utterances. The recognition technique closely resembled the one The paper is organized as follows: section 2 describes the
proposed by Turk and Pentland [11] for face recognition; howeverecognition systems, section 3 presents the experimental results, and
no experimental performance was shown in the paper. section 4 draws some conclusions and describes further work.



2. RECOGNITION SYSTEMS outperform PCA methods [6]. A similar Bayesian subspace tech-
nigue is used for vehicle recognition in this paper; the most relevant
formulae is presented in the following paragraphs, refer to refer-
Mel-frequency cepstral coefficients (MFCC) have been originallyences [7, 6] for a full description of the method.

proposed for speech recognition and speaker recognition (see e.g., Assuming that the mean and the covariance matrix have
Rabiner and Juang [8]). Incoming utterances are segmented inteeen estimated from the training set and assuming a Gaussian den-
frames using a Hamming (or a similar type) window. The frame sizesity, the likelihood of a spectral vectaiis given by:

2.1 Feature extraction

is selected such that the signal within the window could be assumed o Hx-p) = (x-p)]
to be a realization of a stationary random process and hence, the fre- )= (1)
guency content of the waveform can be estimated from the Fourier (2m)2 \/|Z]

transform of the frame. Overlapping frames are used to correct for L . .
non-stationary audio portions captured within a given frame. The 'his likelihood can be estimated as a product of two marginal
spectrum of each frame is computed with the fast Fourier transforr@nd independent Gaussian densitix) = Ps(x)P(x), the true
(FFT). The resultant spectrum is then typically filtered by a filtermarginal density in the PCA subspag(x) and the estimated
bank whose individual filter's center frequency is placed in accormarginal density in the orthogonal complement of the PCA sub-
dance with the Mel frequency scale. The filter-bank output is usegpacePs(x). Let e?(x) = [|x||> — 3™, 7 be the residual PCA re-
to represent the spectrum envelope. The next step is to apply th@nstruction error and lgt = 1 s\ 4 Ai be the average of the
discrete cosine transfor_m to the log of the filter-bank output. F"eigenvalues OF in the orthogonal complement subspace, tﬁef?
nally, the feature vector is composed of few of the lowest cepstru : .
e ; e given by:
coefficients. The two baseline systems evaluated in this paper are
based on an MFCC front-end. 1 Zi“ilfﬁ _
o
( (

- MFCC features may not be optimal for vehicle recognition 5 e Z’L;M - ps(x)ﬁgx) 2
since fine details of the spectral patterns are smeared out by the filter 2r) Y I-I_M 2.2
bank. Sometimes these details contribute to the success of recog- =17
nition. The third recognition system works directly with the raw In a multiple classe&C;,Cy, - - -,Cp) recognition scenario, sub-
acoustic spectrum. Each utterance is segmented into frames usiagace density estimation should be performed for each class sepa-
a Hamming window to reduce Gibbs effects in the spectrum. Theately. Classification is performed by maximizing the likelihoods
feature vector is just the log-magnitude of the Fourier transform oP(x|C;) obtained with equation 2.
each frame. Figure 1 shows the corresponding mean spectral frame
for each vehicle in the ACIDS database, obtained using a window 3. EXPERIMENTS
size of 250 msec. (256 points).

21p) "

The acoustic signature data set used in the experiments is the
2.2 Probabilistic Modeling and Classification Acoustic-seismic Classification Identification Data Set (ACIDS)
) collected by the Army research laboratory. The database is com-

Both the GMM- and HMM-based baseline systems model theyosed by more than 270 data runs (single target) from nine differ-
acoustic feature space in terms of mixtures of a number of Gausnt types of ground vehicles (see table 1) in four different environ-
sian distributions. Typically the feature space is first divided intomental conditions (normal, dessert, and two different arctic envi-
N classes. Each class has one centroid that can be obtained ¥ighments). The vehicles were traveling at constant speeds that var-
vector quantization. Using the expectation-maximization (EM) al-ied from 5 km/h to 40 km/h depending upon the particular run, the
gorithm, one can determine the means and variances of individugkhicle, and the environmental condition. The closest point of ap-
classes and thereby construct mixture models. An important difproach to the sound-capture system varied from 25 m to 100 m. The
ference between HMMs and GMMs is that an HMM usually hasacoustic data was collected with a 3-element equilateral triangular
a left-to-right topology, while a GMM can be considered as an ermicrophone array with an equilateral length of 15 inch. The micro-
godic HMM where transitions are permitted from any state t0 anyynone recordings were low-pass filtered at 400 Hz witHleoéder
state (including itself). In other words, a GMM does not presenvgijier to prevent spectral aliasing and high-pass filtered at 25 Hz with
time sequence information. The techniques used to compute the st orger filter to mitigate wind noise. The data was digitized by
classification likelihoods are well-known (refer to [9, 1] for more 5 16-pit A/D at the rate of 1025.641 Hz. The distance between
information) and will not be described here. g . microphones generated a time delay in waveform arrival to the mi-

In the case of the third system, probability densities for ei-crophones. But the delay was smaller than 1 millisecond for all
ther GMMs or HMMs models may not be reliable estimated sincene conditions and hence, the delay was negligible for all practical

the feature vectors live in a high dimensional space. Hence, Wgyrposes at the given sampling rate of 1025.641 Hz.
project the high dimensional feature vectors to a low dimensional

subspace that provides a good representation of the data. Princi-

pal component analysis (PCA) is a dimensionality reduction tech- Toe T heavy Tackvenicie #;Léns # rei(;rfmgs
nique that extracts the linear subspace that best represents the data. Type 5 heavy track vehicle | 31 93
PCA has been successfully employed for face recognition [11] and Typ 3Th y reelvehil 5 57
was proposed for vehicle recognition by Wu et. al. [12]. Given a Type4 I_e;‘tvg'wkee r:/'el Ice 5 =
training set ofN-dimensional spectral vectofs!,t=1,--- K}, the Type - r']g rach Vel 'Chef s -
basis of the best-representation linear subspace is provided by the ype 2 I_eﬁvyr\:v ele \f_ I'Ce = =
eigenvectors that correspond to the largest eigenvalues of the co- Type 6 | light wheel vehicle 1

. . 1<K o Type 7 | light wheel vehicle 7 21
variance matrix of the data. Let= ¢ 5, X' be the mean and let

1 oK ot ¢ T =1 - ] Type 8 | heavy track 33 99

Z=g i (X —u)(xX—pu)" be the covariance of the training set; Type 9 | heavy track 15 45

thenz =U SUT is the eigenvector decompositionDivith U being
the matrix of eigenvectors arfilbeing the corresponding diagonal Table 1:Vehicle types.The ACIDS database is composed of acous-
matrix of eigenvalues. The basis of the subspace is given by thec signatures from nine vehicles. The data is not equally distributed
columns ofUy, the sub-matrix o) containing only the eigenvec- across vehicles: vehicles type 3 and 7 have much fewer examples
tors corresponding to thd largest eigenvalues. The feature vectorsthan other vehicle types. The nine vehicles could be re-grouped in
X are represented in the PCA subspace'by U,\",',(xt — ). five categories (type 1-2, type 3-5, type 4, type 6-7, and type 8-9)
Bayesian subspace methods for face recognition have been praecording to the labels provided by the Army.
posed by Moghaddam and Pentland [7] and have been shown to
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Figure 1: Mean spectral features. The solid line of the plots shows the mean spectrum for the corresponding vehicles. The dotted lines
display a band that is one standard deviation apart from the mean. The value of the standard deviation is quite stable across frequencies and

across vehicles. Characteristic spectral peaks are kept as salient features instead of being blurred out by the filter bank.

The ACIDS database was evenly divided into a training andcentered according to Mel-frequency, and a discrete cosine trans-
a test set in order to evaluate the performance of the system wittorm of the log-filter bank energies. The feature vector consisted
out-of-sample utterances. The division was made so that example$ the 5 static MFCC coefficient plus frame energy. The GMM
from all environmental conditions were allocated in both the train-used a 32-mixture models and the HMM used a 3-state, 16-mixture-
ing and test sets. Also, given that the microphone array provideger-state model. For the Bayesian subspace system, feature vectors
three simultaneously-recorded utterances per run, all three recordrere obtained using 250 msec.-long non-overlapping windows (256
ings were assigned to either one of the sets. sample points). The PCA subspace dimensionality was chosen such

The three systems described in this paper classifies completbat the subspace accounted for 80% of the spectral energy. In other
utterances as being produced by one of the vehicles. The classiords, the resulting subspace dimensions were 7, 15, 14, 9, 11,
fication of complete incoming utterances is very similar in all the34, 28, 9, 12, respectively for vehicle types 1 to 9. Table 3 shows
systems. It starts by separating the audio data into frames in othe confusion matrices obtained with our system for single channel
der to compute spectral feature vectors; then, the likelihood of eactecognition.
feature vector is computed for each of the vehicle models using the Figure 2(a) shows the variation of the error rate with the di-
methods described in section 2.2; and finally, the complete utteranerensionality of the subspace, for two different frame sizes. Some
is classified using the total accumulated likelihood. systems described in section 1 argue in favor of classification of

The ACIDS database could be tested in a few different waysindividual frames or groups of small number frames instead of clas-
On one hand, we can classify test utterances into the nine originaifying complete utterances; thus, we also report individual frame
vehicle types or we can classify it into the five classes defined byecognition rates for the subspace recognizer in order to compare
unique labels of the vehicles. On the other hand, the microphonperformances. Figure 2(b) displays the results of individual frame
array provided three simultaneous recording of utterances. We camassification and the results a 4-frame block classification, for dif-
classify each recording independently (single channel) or we caferent frame sizes.
make a joint use of the three recordings (multiple channel) by ag-
gregating individual classification results with a voting procedure. 4. CONCLUSIONS AND FURTHER WORK

Table 2 presents the error rates of the systems for four testing
conditions: 9-class single channel, 9-class multiple channel, 5-clasghis paper have presented a novel approach for acoustic signature
single channel, and 5-class multiple channel. The MFCC featureecognition of vehicles that achieved a 11.7% error rate in a 9-
vectors were extracted using 500 msec.-long overlapping windowslasses recognition task and an 8.5% error rate in a 5-classes recog-
with a frame rate of 200 msec. First 5 MFCC coefficients werenition task. The system is based on a probabilistic classifier that
obtained with a Hamming window frame segmentation followed byis trained on the principal components subspace of the short-time
filtering the frame spectrum with an 8-channel triangular filter bank Fourier transform of the acoustic signature. Two baseline systems



prob. subspace GMM HMM
train test train test train test
9 classes, single channel 0.53% | 11.70% | 4.50% | 24.85% | 0.26% | 23.10%
5 classes, single channel 0.0% 8.48% | 2.91% | 19.88% | 0.0% | 18.13%
9 classes, multiple channel 0.79% | 12.28% | 3.97% | 22.81% | 0.0% | 21.93%
5 classes, multiple channel 0.0% | 8.77% | 2.38% | 18.42% | 0.0% | 16.67%

Table 2:Recognition error rates. The table shows that the proposed system outperforms the two baseline systems by more than 50%. The
two baseline systems increase the performance using a multiple channel voting approach; however, the third system slightly decreases its
performance with multiple channel voting.
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subspace dimensionality. The top two curves are for the test set and
Table 3: Confusion matrices. Nine-classes and five-classes con- the bottom curves are for the training set. Note that a frame size of
fusion matrices obtained with the Bayesian subspace system for U256 samples is better than a frame size of 512. The rightmost point
terance classification. Note that vehicle type 7, that had the leagmarked with the letter “E”) corresponds to the class-dependent di-
number of recordings, has all the testing utterances confused witlnensionality. The subspace dimension is different for different ve-
other vehicles. hicles. The dimensionality is computed such that the subspace ac-

counts for 80% of the spectral energy. The class-dependent dimen-

sionality case provides the best recognition performance. (b) Plot
have been used for performance comparison; the proposed approg@fhthe performance of the system for recognition of single frames
outperforms a GMM-based recognizer and an HMM-based recog@nd recognition of block of four consecutive frames. The error rate
nizer by 50%. Blocks of consecutive frames recognition has beefif 25.21% (recognition rate of 74.79%) obtained with a block of
shown to outperform results listed in the literature by 8%. frames of 256 points, presents a relative performance improvement

The experimental results indicate that an accurate representdf 8% over the results presented in [12]. The performance of frame
tion of spectral detail of the acoustic signature achieves much bett@nd block of frames increases as the frame size increases indicating
performance than conventional feature extraction methods used fgrat bigger segments of audio provide more characteristic informa-
speech recognition that were implemented in the baseline system&0n of the acoustic signature for single frame classification. How-
The recognition results achieved with the subspace classifier irffVe" the system achieves better utterance classification performance

dicates that the characteristic patterns of the acoustic signatures afeind & smaller frame size.
well represented with a linear manifold and a single Gaussian prob-
ability density function. More complicated density functions like
mixture of Gaussians and more complicated manifold models like[6] B. Moghaddam. Principal manifolds and probabilistic subspaces for
Independent Component Analyzers or Non-linear Principal Com-  visual recognition.|EEE Trans. on Pattern Analysis and Machine In-
ponent Analyzers could also be used in order to achieve a better telligence 24(6):780-788, 2002.

representation of the signature manifold. [7] B. Moghaddam and A. Pentland. Probabilistic visual learning for ob-

ject detection. Innternational Conference on Computer Visj@ages
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