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ABSTRACT Our method encodes the time-domain signal instead of the sinu-

In this paper, the compressed sensing (CS) methodology is appli€®idal model parameters as state-of-the-art methods proposke [4-7
to the harmonic part of sinusoidally-modeled audio signals. As thid he advantage is that the encoding operation is simplified into ran-
part of the model is sparse by definition in the frequency domain, wéomly sampling the time-domain sinusoidal signal, which is ob-
investigate how CS can be used to encode this signal at low bitrateigined after applying a psychoacoustic sinusoidal model to a mono-
instead of encoding the sinusoidal parameters (amplitude, frequendiftonic audio signal. The random samples can be further encoded
phase) as current state-of-the-art methods do. We extend ot pre¢here scalar quantization is suggested, but other methods could be
ous work by considering an improved system model, by comparingsed to improve performance). Additional advantages are that CS
our model to other schemes, and exploring the effect of incorrectly@S inherent encryption and robustness to channel errors, aed sca
reconstructed frames. We show that encouraging results can be o€l to multi-channel cases. An issue that arises here is that as the
tained by our approach, although inferior at this point compared tg¢ncoding is performed in the time-domain—rather than the Fourier

state-of-the-art. Good performance is obtained using 24 bits per sflomain—the quantization error is not localized in frequency, and it
nusoid as indicated by our listening tests. is therefore more complicated to predict the audio quality of the re-

) ) ) . __constructed signal. At this point, it is noted that the paper deals only
Index Terms— Audio coding, compressed sensing, sinusoidalyith encoding the sinusoidal part of the model.
model, signal reconstruction, signal sampling This work extends our previous work [1] by using an improved
system model with better frequency mapping, allowing us to com-
pare our model with that of [5] through quality-rating listening
tests. We also explore the effect of incorrectly reconstructed frames
1. INTRODUCTION through preference listening tests. We show that encouraging results
can be obtained by our approach, although inferior at this point
Audio compression is usually performed by either applying com-compared to state-of-the-art.
pression algorithms to the actual samples of a digital audio signal,
or by initially using a signal model and then encoding the model
parameters as a second step. In this paper, we extend our previous

work [1] which introduced a novel method to encode the parameters . . _— I . .
of the sinusoidal model [2]. The sinusoidal model was initially applied in the analysis/synthesis

The sinusoidal model represents an audio signal using a smdlf SPeech [2]. A harmonic signal¢) is represented as the sum of
number of time-varying sinusoids. The remainder error signal—& Small number” of sinusoids with time-varying amplitudes and
often termed the residual signal—can also be modeled to further inffeauencies. This can be written as
prove the resulting subjective quality of the sinusoidal model [3]. K
The sinusoidal model allows for a compact representation of the s(t) = Z ay(t) cos(Bk(t)) (1)
original signal and for efficient encoding and quantization. State- b1
of-the-art methods for encoding and compressing the parameters o . .
the sinusoidal model (amplitudes, frequencies, phases) are based 4 ereay(t) andGx () are the instantaneous amplitude and phase,

directly encoding these parameters [4-7]. In this paper, we propoigspectlvely. To estimate the parameters of the model, one needs

using the emerging compressed sensing (CS) [8, 9] methodology segmﬁnt the S'anal into a number of sfhor]E-tlme fLa;nes and com-
encode and compress the sinusoidally-modeled audio signals. pute a short-time frequency representation for each frame. Conse-

Compressed sensing seeks to represent a signal using a numg& ntly, the prominent spectral peaks are identified using a peak de-
e

2. SINUSOIDAL MODEL

of linear, non-adaptive measurements. Usually the number of me ection algorithm (possibly enhanced by perceptual-based criteria).

surements is much lower than the number of samples needed if t %erpolanon methods can be used to increase the accuracy of the

; ; : : X orithm [3]. Each peak at thieth frame is represented as a triad
signal is sampled at the Nyquist rate. CS requires that the signal %f .
. 7 g : .~ 0Of the form , ,0 amplitude, frequency, phase), corre-
)[/_ery sfparsem"somebbam?;ln_thfe setr_]se that it 'za I{near Cont]b'naéponding to{toﬁé];(ﬁlfiksirigv%/zai(ve pA peak co?wtinua);io% algo)rithm is
ion of a small number of basis functions—in order to correctly re- h " X
construct the original signal. Clearly, the sinusoidally-modeled par sually employed in order to assign each peak to a frequency trajec-

L : : e ry using interpolation methods. A more accurate representation of
o an audo signal 1 a spare signal,and i hus natural 0 wondgf LS8 TEIPORIOLTIIRLS, L0 Seeute e eoea oo

nal is included as well. Practically, after the sinusoidal parameters
This work was funded in part by the Marie Curie TOK-DEV “AS- are estimated, the noise component is computed by subtracting the
PIRE"grant within the 6th European Community Framework Progend in ~ harmonic component from the original signal. It is noted that in this
part by the FORTH-ICS internal RTD program “Aml: Ambient Idigénce  paper we are only interested in encoding the sinusoidal part, and the
Environments”. error part is considered as available in our listening tests (as in [5]).
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Fig. 1. A block diagram of the proposed system. In the encoder, the sinligaidaf the monophonic audio signal is encoded by randomly
sampling its time-domain representation, and then quantizing the randophesaumsing scalar quantization.

3. COMPRESSED SENSING Another important feature of the reconstruction is that when it
fails, it can fail catastrophically for the whole frame. Not only will

In the compressed sensing methodology, a signal which is sparske amplitudes and phases of the sinusoids in the frame be wrong,
in some basis can be represented using much fewer samples thiaut the sinusoids selected—or equivalently, their frequencies—wiill
the Nyquist rate would suggest. Given that a sinusoidally-modeledlso be wrong. In the audio environment, this is significant as the ear
audio signal is clearly sparse in the frequency domain, our motivais sensitive to such discontinuities. Thus it is essential to minimize
tion has been to encode such signal using a small part of its actutie probability of frame reconstruction errors (FRES), and if possible
samples, thus avoiding encoding a large degree of unnecessary iiminate them.

formation. In the following, we briefly review the CS methodology. Let F; be thepositive FFT frequency indices in;, whose
componentd i, are related to the frequencies in theby fi. =
3.1. Measurements 2w F1x/N. As F; is known in the encoder, we can use a simple

) . . forward error correction to detect whether an FRE has occurred. We

Let z; be the/N samples of the harmonic component in the sinu-found that an 8-bit cyclic redundancy check (CRC)Bndetected
soidal model in thé'" frame. It is clear thak; is a K-sparse signal  all the errors that occurred in our simulations.
in the frequency domain. To facilitate our compressed sensing re- QOnce we detect an FRE, we can either re-encode and retrans-
construction, we require that the frequencfgs are selected from  mit the frame in error or use some interpolation between the correct
a discrete set, the most natural set being that formed by the frequeftames before and after the errored frame to estimate it. This is dis-
cies used in théV-point fast Fourier transform (FFT). Thus can  cussed further in Section 4.3.
be written ase; = ¥ X, whereW is anN x N inverse FFT ma-
trix, and X; is the FFT ofz;. Asx; is a real signalX; will contain
2K non-zerocomplexentries representing the real and imaginary 4. SYSTEM DESIGN
parts—or in an equivalent description, the amplitudes and phases— '
of the component sinusoids.

In the encoder, we tak& non-adaptive linear measurements of
x;, whereM < N, resulting in theM x 1 vectory,. This measure-
ment process can be writtengs= ®;x; = &, ¥ X; where®, is
anM x N matrix representing the measurement process. For the
reconstruction to work®; and ¥ must beincoherent In order to
provide incoherence that is independent of the basis used for reco
struction, a matrix with elements chosen in some random manner
generally used. As our signal of interest is sparse in the frequendHV_I
domain, we can simply take random samples in the time domai
to satisfy the incoherence condition, see [10] for further discussio
of random sampling (RS). Note that in this cade, is formed by
randomly-selected rows of thg x N identity matrix.

A block diagram of our proposed system is depicted in Fig. 1. The
audio signal is first passed through a psychoacoustic sinusoidal mod-
eling block to obtain the sinusoidal parametéfs;, «;, 6, } for the
rrent frame. These then go through what can be thought of as
a “pre-conditioning” phase where the amplitudes are whitened—
fonsisting of dividing the components of; by a 3-bit quantized
\ersion of themselves—and the frequencies remapped, as discussed
Section 4.1. The modified sinusoidal paramef{dr$, o’;, 6, } are
en reconstructed into a time domain signal, from whi¢lsamples
Iire randomly selected. These random samples are then quantized to
bits by a uniform scalar quantizer, and sent over the transmission
channel along with the side information from the spectral whitening,
frequency mapping and cyclic redundancy check (CRC) blocks.
32 Reconstruction In the decoder, the bit stream representing the random samples
e is returned to sample values in the dequantizer block, and passed

Oncey, has been measured, it must be quantized and sent to a dé the compressed sensing reconstruction algorithm, which outputs
coder, where it is reconstructed. Reconstruction of a compresseth estimate of the modified sinusoidal parametgfg,, &;, 0, }. If
sensed signal involves trying to recover the sparse veXtorit has  the CRC detector determines that the block has been correctly recon-
been shown [8] [9] that structed, the effects of the spectral whitening and frequency mapping
X, = argmin 1X 1l st y, = BUX,, @) are rerpov?d to obta?n an estimate of the or.iginall sinusoid parame-
. ) o S ters,{F';, &1, 6,}, which are passed to the sinusoidal model resyn-
with p = 1 willrecoverX’; with high probability if enough measure- - hesis block. If the block has not been correctly reconstructed, then
ments are taken. Thg norm is defined afal, = (Zi \a¢|p) v, _the current frame is either retransmitted or interpolated, as discussed
It has recently been shown in [11] thak 1 outperforms they = 1 in Section 4.3.
case, and itis this method that we use for reconstruction in this paper. In the tests employed in this paper, we investigated the perfor-
A feature of CS reconstruction is that perfect reconstruction canmance of the proposed system usikig= 25 sinusoid components
not be guaranteed, and thus onlpm@bability of “perfect” recon-  per frame and aiv = 2048-point FFT. All the audio signals were
struction can be guaranteed, where “perfect” defines some accemampled at 22 kHz with a 20 ms window and 50% overlapping be-
ability criteria, typically a signal-to-distortion ratio. This probability tween frames. The data used for the results this section are around
is dependent oi/, N, K and the quantization used. 5,000 frames of the audio data used in the listening tests of Section 5.
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a 103 : ' : : ' ' To address the fact that we can only specify a probability of recon-

50 100 150 200 250 300 350 400 struction, we propose two different operating modes to address the
Number of random sample3/ effect of frame reconstruction errors:

) - . 1) Retransmissianin the retransmission mode, any frame for
Fig. 2. Probability of frame reconstruction errus the number of  which the CRC detects an FRE is re-encoded in the encoder using
random samples per frame for various values of frequency mapping different set of random samples and retransmitted. Obviously this
with 25 sinusoids per frame, 4-bit quantization of the random samrequires more bandwidth, but if the probability of FREs is kept low

ples, and 3-bit spectral whitening. enough this increase should be tolerable. For instance, we aim for
Prre < 1072 in this work, which would incur an increase in bit-rate
4.1. Frequency Mapping of approximately one percent.

) 2) Interpolation For applications where retransmission is
The number of random sample¥, that must be encoded increases yndesirable—or indeed impossible—the interpolation mode may
with N, the number of bins used in the FFT. In other words, thergye ysed. In this mode, lost frames are reconstructed using the same
is a trade-off between the amount of encoded information and thgterpolation method as used in the regular synthesis of [2]. The
frequency resolution of the sinusoidal model (which affects the rezssumption that a good frame is available both before and after the
sulting quality of the modeled audio signal). This effect can be partly-RE s valid as we are considering low valuesReke. The effect

alleviated byfrequency mappingwvhich reduces the effective num-  of interpolation on the reconstructed signals is investigated in the
ber of bins in the model by a factor 6frv, which we term thdre- |istening tests of Section 5.

quency mapping factorThus the number of bins after frequency
mapping is given byNem = N/Crw.

We chooseCrym to be a power of two so thaVem will always 5. LISTENING TESTS
be a power of two, suitable for use in an FFT. We then crétea
mapped version af';, whose components are calculated as In this section, we examine the performance of our proposed system,
r with respect to the resulting audio quality. Two types of monophonic
F/. = {AJ 3) listening tests were performed, with eleven volunteers participating,
' Crm using high-quality headphones in a quiet office room. The first test

where|- | denotes the floor function. We also need to calculate andv@s based on the ITU-R BS.1116 [12] methodology, thus the coded
sendF", with componentst) . given by signals were compared against the originally recorded signals us-

ing a 5-scale grading system (from 1-“very annoying” audio quality
sz = Fix mod Cem. (4) compared to the original, to 5-“not perceived” difference in qual-
. ) ) ) ity). No anchor signals were used. The following seven signals were
We sendF';—which amounts td¥ log, Cem bits—along with our  ysed (Signals 1-7): harpsichord, violin, trumpet, soprano, chieus,
M measurements, and once we have performed the reconstructigfiale speech, male speech. Signals 1-4 were obtained from the EBU
and obtained”;, we can calculate the elementsif as SQAM disc, Signal 5 was provided by Prof. Kyriakakis of the Uni-
Fip = CemFlp+ Eg. (5) versity of Southern California (chorus recording of a classical music
o ’ ’ ’ performance), while Signals 6-7 were obtained from the VOICES
Itis important to note that not all frames can be mapped by the SaM&rpus of OGI's CSLU. The test signals can be founH at
value of Cry, it is very dependent on each frame’s particular dis-'The results of this test are given in Fig. 3, where the vertical
tribution of F';. Essentially, eacti » must map to a distinck} . jines indicate the 95% confidence limits. Tretransmissiormode
However, this can easily be checked in the encoder so that the valye,s employed for this quality test. The proposed method was im-
of Cem chosen is the highest value for which (3) produces distinchjemented operating with/ = 95 samples, corresponding to the
valoues o, k = 1,..., K. Forthe signals used in this paper, OVer |ag¢ row of Table 1, which translates into using 24 bits per sinu-
90% of the frames could be mapp€e = 16, giving New = 128. soid. This was compared to a popular sinusoidal coding method,
The clear decrease in the requirgtfor a given probability of  namely that of [5], operating at the rates of 24 and 21 bits per sinu-

FRE for various values Wy is illustrated in Fig. 2. soid, denoted as “V&K 24 bits” and “V&K 21 bits” in the figure,
respectively. From the figure it can be clearly seen that the proposed
4.2. Bitrates method achieves similar quality to state-of-the-art sinusoidal coding

methods for the same bitrate. The results for the lower bitrate of 21
Table 1 present the bitrates achievable for a probability of FRE obits per sinusoid indicate that listeners can distinguish the reduction
approximatelyl0~2 corresponding to the curves in Fig. 2. The over- in bitrate and thus in quality for some of the signals. Consequently, it
head consists of the extra bits required for the CRC, the frequenayas sensible to compare our method operating at 24 bits per sinusoid
mapping (FM) and the spectral whitening (SW). It is clear that thewith the method of [5] at that same rate and not lower. Itis noted that
increasing overhead incurred from frequency mapping is more thamore recent methods such as [6, 7] perform better than the method
accounted for by significant reductions M, resulting in overall
lower bitrates. Lhttp://www.ics.forth.grf mouchtar/cs4sm/
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for training of the system. Furthermore, since this an early attempt to
apply the CS methodology to the problem of sinusoidal audio cod-
ing, it is anticipated that further performance improvement can be

Harpsichor achieved in subsequent work on this subject.
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