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ABSTRACT
Recent studies indicate that noise pollution has hazardous impacts on human health and behavior, particularly
becoming a serious problem in densely-populated cities. In order to effectively assess the environmental
noise problem on a city-wide scale, there is a great need for a new low-cost environmental noise-monitoring
system, which will replace conventional sound-pressure-level (SPL) meter-based techniques that require
overly expensive microphone deployment at a dense grid of locations. In this paper, we propose an advanced
cost-effective large-region environmental noise mapping scheme that uses a microphone array mounted on a
vehicle driving around the city to make detailed acoustic noise maps without the need for point-by-point
measurements. We demonstrate that the multi-frequency SPLs and locations of sparsely-distributed localized
noise-sources in the neighborhood traversed by the vehicle are jointly estimated via tomography, in which the
far-field delay-and-sum beamforming output power values computed at multiple locations and different
times as the vehicle drives past are used for tomographic imaging. The preliminary drive-by noise-source
mapping experiments with two concentric circular arrays rooftop-mounted on an electric vehicle show the
promise of this new proposed technique for cost-effective city-wide large-scale environmental noise
monitoring.
Keywords: Noise-mapping, Microphone-array processing, Acoustic imaging
I-INCE Classification of Subjects Number(s): 74.7, 74.8

1. INTRODUCTION
Noise pollution has become a major concern in urban areas, triggering serious health problems such
as sleep disturbance, heart diseases, hearing loss and hypertension (1, 2). There is a need for an
effective noise-monitoring scheme in terms of cost and time to identify urban noise hotspots for
targeted noise abatement, since current sound-pressure-level (SPL) meter-based systems can only
provide noise levels averaged over frequencies at the expense of extensive densely-located
microphone measurements, which makes it prohibitively expensive on a city-wide scale.
Acoustic imaging with microphone directional arrays commonly used in aeroacoustic testing has
the strong potential to be a cost-effective large-scale environmental noise monitoring solution (3, 4) as
it becomes possible to generate acoustic maps of a region of interest at different frequencies,
simultaneously identifying the dominant noise-source locations and their SPLs using acoustic
beamforming. Advanced acoustic imaging algorithms including DAMAS, SC -DAMAS and CMF
provide effective solutions for near-field mapping in relatively small regions (5, 6, 7).
In our recent work (8, 9), we have introduced a novel imaging model for large-region
single-frequency acoustic noise-source mapping with a portable microphone array, collecting
measurements at multiple locations and extending SC-DAMAS in to the multi-position data collection
scenario so as to create a virtual large-aperture array. In this paper, we propose an alternative
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large-scale noise-monitoring approach based on mounting a microphone array atop a vehicle to
generate 2-D acoustic tomographic noise-maps of a neighborhood traversed by the vehicle. We
demonstrate that the locations and SPLs of the acoustic localized noise -sources sparsely distributed
over a large region can be estimated jointly at multiple frequencies using the far-field delay-and-sum
beamforming output power values of the acoustic recordings at multiple locations as tomographic
measurements. The preliminary acoustic imaging results with an electric vehicle with two
rooftop-mounted circular microphone subarrays indicate that this new and practical sparse
tomographic imaging scheme for large-scale noise-mapping offers a fundamentally new low-cost
methodology for city-wide noise monitoring of urban noise hotspots.

2. PROBLEM FORMULATION
2.1 Forward Model
Consider an acoustic wave-field generated by multiple noise-sources being recorded by an
M-channel microphone array. At a measurement location, the recorded and sampled signal at each
microphone is divided into L snapshots followed by an N-length fast Fourier transform (FFT) applied
n
n
to every N-sample snapshot, resulting in N narrow frequency bins. At the frequency f  f min
, f max
within the nth frequency bin, the linear additive-noise frequency-domain signal model for the lth
snapshot can be given by (10)
ࢠǡ ൌ ۯ ࢙ǡ  ࢋǡ ,
(1)
where the vector ࢙ǡ ൌ ൣݏǡǡఏ ǡ ǥ ǡ ݏǡǡఏషభ ൧ corresponds to the signals arriving from I different angular
directions, the additive-noise vector ࢋǡ of length  ܯis zero-mean and mutually uncorrelated with
the signal, and ۯ ൌ ൣࢇǡఏ ǡ ǥ ǡ ࢇǡఏషభ ൧ is the fixed  ܯൈ  ܫsteering matrix for any measurement
location with each column corresponding to the steering vector
(2)
ࢇǡఏ ൌ ൣͳǡ ݁ ିଶగௗభǡഇ Ȁ ǡ ǥ ǡ ݁ ିଶగௗಾషభǡഇ Ȁ ൧,
at a particular angle ߠ , where ܿ denotes the speed of sound, and ݀ǡఏ is the relative Euclidean
distance of the microphone m to the plane wave at the reference microphone ݉ ൌ Ͳ.
  is computed by averaging over L snapshots as follows:
The sample covariance matrix ܀
ு
ு
  ൌ σିଵ
܀
(3)
ୀ ࢠǡ ࢠǡ ൌ ۯ ۾ ۯ  ܃ ,
where ۾ and ܃ denote the  ܫൈ  ܫangular source and  ܯൈ  ܯnoise sample covariance matrices,
respectively.
The far-field delay-and-sum (DAS) beamformer weighting vector at a particular angle ߠ is given
by ࢝ǡఏ ୀ ࢇǡఏ Ȁܯ, yielding the DAS-beamformer output power at a given angular direction ߠ
ு 
ு
ு
ݕǡఏ ൌ ࢝ǡఏ
࢝ ܀
ൌ ሺࢇǡఏ
ۯ ۾ ۯு ࢇ  ࢇǡఏ
 ࢇ ܃ሻȀܯଶ ,
(4)
  ǡఏ
    ǡఏ
  ǡఏ
It is a fair assumption to neglect the cross terms in Eq. (4) for a sufficiently large number of
snapshots (L>>1) (5, 8) such that the diagonal angular source and noise sample covariance matrices
۾ ൌ ܉ܑ܌൛ǡఏబ ǡ ǥ ǡ ǡఏషభ ൟ and ܃ ൌ ܉ܑ܌൛ݑǡ ǡ ǥ ǡ ݑǡெିଵ ൟ, respectively. The beamformer output
power can then be rewritten as
்
ݕǡఏ ൌ ࢈ǡఏ
   ߪଶ,
(5)
 

>

@

ଶ ்
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ு
ு
where ࢈ǡఏ ൌ ቂหࢇǡఏ
ࢇ ห ǡ ǥ ǡ หࢇǡఏ
ࢇ
ห ቃ refers to the DAS power beam-pattern, and the angular
 ǡఏబ
 ǡఏషభ
ࢀ

power-level vector  ൌ ൣǡఏబ ǡ ǥ ǡ ǡఏషభ ൧
ࢀ

has length I, and ߪଶ is the ambient noise at the

frequency f. Let ࢟ ൌ ൣݕǡఏబ ǡ ǥ ǡ ݕǡఏషభ ൧ be the DAS-beamformer output power vector of length I and
۰ ൌ ൣ࢈ǡఏబ ǡ ǥ ǡ ࢈ǡఏషభ ൧ࢀ be the power beam-pattern matrix of size  ܫൈ  ܫat the frequency f. Then,
given an array position, we arrive at the set of linear equations
࢟ ൌ ۰   ߪଶ ,
(7)
where refers to the vector of length I with all elements equal to 1.
2.2 Image Reconstruction
In this paper, we propose a two-step procedure for the multi-frequency recovery of the acoustic
noise-sources, which includes an initial deconvolution step to estimate the actual angular power-levels
 , followed by tomographic reconstruction based on the multiple measurement vector (MMV) framework.
The Eq. (7) describes the convolution of the angular power-level vector  with the DAS beam-pattern
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۰ , resulting in blurring and some leakage from the sidelobes along with the additive ambient noise.
There are deconvolution methods to estimate the direction-of-arrival (DOA) of sources using sparsity
constraints (11, 12). In a similar fashion, under the assumption of sparsely distributed sources, we
apply a regularized version of FOCUSS (focal underdetermined system solver) (13,14), an iteratively
reweighted minimum-norm algorithm for the recovery of sparse DOAs along with the power-levels in
the corresponding angular directions. For each iteration, the Tikhonov-regularized FOCUSS solves the
optimization problem (13)
ሺሻ









ෝ  ൌ ܖܑܕܚ܉ฮ࢟ െ ۰  ฮ  ߣ ฮିࢉ܅  ฮ ,



(7)

where ߣ is the regularization parameter at the iteration c, and the weighting matrix to enforce the
ሺିଵሻ
ෝ
weighted minimum norm constraint is set to be  ࢉ܅ൌ  ܉ܑ܌ ࢉ܁ሺȁ
ȁሻ with  ࢉ܁being a smoothing
constraint such as a 1-D Gaussian filter to increase robustness to noise. The regularized
minimum-norm least-squares solution may be used as the initial low-resolution estimate for the first
FOCUSS iteration.
Assuming that the acoustic field is generated by point noise-sources that are zero-mean and
mutually uncorrelated, the power-level at each angle ߠ ᇲ may be approximated by
௫ሺǡǡఏᇲ ሻ
(6)
ǡఏ ᇲ ൎ 
,
మ


࣬



where ݔሺ݂ǡ ݎǡ ߠ ᇲ ሻ is the 2D unknown power-level imaging field, and ࣬  ؿԹଶ is the region of support
representing the angular path ߠ ᇲ .
ෝ  , the discretization of the imaging field  ݔyields
Given the estimated angular power values 
ෝ  ൌ ۵ఏǡ ࢞  ࢜ ,

(7)
ࢀ

where ࢞ ൌ ൣݔǡ ǡ ǥ ǡ ݔǡିଵ ൧ of length J is the discretized unknown field at the frequency f, the
linear matrix operator ۵ఏǡ of size  ܫൈ  ܬrelates the Cartesian coordinates to the angular power
measurements based on the weighting scheme inversely proportional to the Euclidean
distance-squared from the measurement location, and ࢜ is the noise-vector of length I corresponding
to the deconvolution error. This formulation resembles a typical tomographic measurement because
the matrix operator ۵ఏǡ gives the total power-levels measured at an array position for particular
angular directions computed along the related paths. Tomography is the recovery of a
multi-dimensional signal from lower-dimensional projections collected by multiple sensors from
different directions (15). Hence, if we record the acoustic data recorded at multiple locations, then it
should become possible to estimate the 2D unknown acoustic field generated by sparsely distributed,
localized noise-sources via tomographic reconstruction.
Since the spatially-fixed wideband acoustic noise-sources contain information over a range of
frequencies, the joint estimation of the unknown stationary acoustic field at multiple frequencies may
be formulated under the MMV framework, as the unknown field vectors ࢞ at all frequencies of
interest should share a common sparsity support (16, 17). Therefore, given K different measurement
locations, the overall problem can be expressed as
ሺሻ
ڮ
࢜ிିଵǡ
࢜ǡ
۵ఏǡ
ෝ ǡ
ෝ ிିଵǡ

ڮ

ڰ
ڭ
ڰ
ڭ
 ڭ
 ൌ  ൦  ڭ൪ ሾ࢞ ǡ ǥ ǡ ࢞ிିଵ ሿ    ڭ
൩
(9)
ሺିଵሻ
࢜
ڮ
࢜
ෝ ǡିଵ  ڮ
ෝ ிିଵǡିଵ

ǡିଵ
ிିଵǡିଵ
۵ఏǡ
  ൌ ۵ ܆ ܄
(10)
۾

where  ۾is the concatenated angular power-level matrix with each column corresponding to the angular
power vector for the measurement locations, 0 through K-1 at a particular frequency, ۵ is the stacked-up
matrix operator generated based on K measurement locations,  ܆is the unknown field matrix, and  ܄is the
additive noise matrix. We consider here the regularized M-FOCUSS, which is the generalized version of
the FOCUSS algorithm based on the Frobenius norm:
 ሺሻ ൌ ܖܑܕܚ܉ฮ۾
 െ ۵܆ฮ  ߣ ฮିࢉ܅ ܆ฮ ,
(7)
܆
۾

ࡲ

ሺࢉሻ
 ࢉ܅ൌ   ܉ܑ܌ ࢉ܁ቀቛ࢞ ሾ݆ሿቛቁ

ࡲ

ሺࢉሻ
ቛ࢞ ሾ݆ሿቛ

ሺሻ

ଵȀଶ


where the weighting matrix
with
ൌ ቀσிିଵ
and ࢉ܁
ୀሺݔ ሾ݆ሿሻ ቁ
represents a prior constraint matrix such as spatial smoothness to suppress background noise (which
may be achieved by using a 2D Gaussian filter), making a trade-off between sparseness and image
quality, resulting in slightly less sparse images with noise-sources localized within several pixels. The
regularized minimum Frobenius-norm least-squares solution may be used at the first iteration As the
initial low-resolution estimate (15).
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3. DRIVE-BY EXPERIMENTS
Figure 1 shows the experimental setup to test the proposed joint multi-frequency acoustic
tomographic noise-mapping algorithm. The microphone array mounted atop the electric vehicle (EV)
was composed of two concentric 12-channel circular subarrays with diameters of ݀ ൌ ͲǤͷ݉ and
݀ଵ ൌ ͳ݉, respectively. Each microphone was pre-calibrated with sensitivityൎ ͷͲܸ݉Ȁܲܽ and fixed
at ͵Ͳ separation from each other. The EV was driven along a straight road adjacent to a large
open-field, and a 60-m portion was used for the beamformer output power computation. The data
synchronization was carried out by two people shouting at 0-m and 60-m marks as the EV drove past.
A computer-generated square wave with harmonics at 250 Hz, 750 Hz and 1250 Hz was played as the
acoustic noise-source from a loudspeaker located 15 m vertically away from the 30 -m mark. A
near-omnidirectional sound propagation was realized by rotating the loudspeaker toward the EV
travelling along the road.

Figure 1 – The setup for drive-by acoustic noise-source tomographic mapping experiments
Figure 2 presents the joint multi-frequency acoustic imaging results for drive-by noise-source
tomographic mapping at the average velocity of ʹͶǤͺ͵݇݉Ȁ݄. The 24-channel acoustic data sampled at
݂௦ ൌ ʹͷǤ݇ ݖܪwere split into smaller time segments, each referring to a specific array position along
the road using the average EV velocity. The initial 0.5-sec portion of each recording was regarded for
the sample covariance matrix computation. The FFT-length was ܰ ൌ ͷͳʹ and a Hann window with an
overlap of ͷͲΨ was applied to each snapshot before the FFT.
Table 1 – The performance evaluation of tomographic imaging results for acoustic noise-source mapping
Relative

Measured-SPL

Image-SPL

Residual Error

dB(A)

dB(A)

250 Hz

0.6919

88.6

81.1

750 Hz

0.6895

87.4

85.7

1250 Hz

0.5831

84.8

82.4

Frequency

The performance evaluation of the proposed method at the three harmonic frequencies of the
square-wave noise-source is presented in Table 1 along with the relative residual error defined as the
mismatch between the physical DAS-beamformer output powers and the output power estimated via
the forward imaging model. The A-weighted measured SPL was calculated by collecting a separate set
of SPL measurements stopping the EV every 10 m between 10-m and 50-m marks and taking a
weighted-average over these measurements based on the distance-squared power attenuation. The
A-weighted image-SPL was the total dB-SPL over the area visible in the reconstructed images
obtained after applying a hard-thresholding at 60 dB(A) for illustration purposes. The noise -source
location estimates determined as the peak locations in the images were within a few meters of error,
and the dB-level difference between the average-SPL and image-SPL was less than 3 dB at 750 Hz and
1250 Hz, whereas the worst performance was achieved at 250 Hz, due the degraded performance of the
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beamformer at low frequencies.

Figure 2 – The drive-by joint multi-frequency acoustic noise-source tomographic imaging results:
Left column: The static dB-SPL images of the acoustic source-field. Right column: The DAS
beamformer output powers computed with ͳ angular resolution at locations separated by 10 m.
The Doppler effect was insignificantly observed, as the frequency shift generally stayed within the
same frequency band as a result of operating at a relatively slower speed and lower frequencies. On the
contrary, the constructive/destructive ground reflections had a strong impact on the DAS -beamformer
output power, particularly at 250 Hz as expected, further increasing the relative residual error. The
collection of measurements at sufficiently large number of locations mitigates this issue by the
imaging model formulation implicitly averaging over the measurements. Wind may also become a
major problem, particularly at lower frequencies and high velocities, which may be avoided by
high-quality wind screens.

4. CONCLUSIONS
The preliminary drive-by imaging experiments show that our proposed tomographic mapping
approach can estimate the short-term average SPL and location of an acoustic noise-source jointly at
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multiple frequencies with high accuracy. Environmental noise-monitoring on a city-wide scale may
become very practical with this new alternative methodology, generating frequent maps of the
neighborhoods traversed by the vehicle on a daily basis. Future work includes the acoustic imaging of
real acoustic noise-sources possibly with a GPS-device for more precise recordings, and the
development of a more advanced imaging model by accounting for other factors including acoustic
reflections, ground and atmospheric absorptions, and variations in wind and temperat ure conditions.
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