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Abstract— With the expansion of sensor nodes to newer
avenues of technologies, such as the Internet of things (IoT),
internet of bodies (IoB), augmented reality (AR), and mixed
reality, the demand to support high-speed operations, such as
audio and video, with a minimal increase in power consumption
is gaining much traction. In this work, we focus on these
nodes operating in audio-based AR (AAR) and explore the
opportunity of supporting audio at a low power budget. For
sensor nodes, communicating one bit of data usually consumes
significantly higher power than the power associated with sensing
and processing/computing one data bit. Compressing the number
of communication bits at the expense of a few computation cycles
considerably reduces the overall power consumption of the nodes.
Audio codecs such as AAC and LDAC that currently perform
compression and decompression of audio streams burn significant
power and create a floor to the minimum power possible in these
applications. Compressive sensing (CS), a powerful mathematical
tool for compression, is often used in physiological signal sensing,
such as EEG and ECG, and it can offer a promising low-
power alternative to audio codecs. We introduce a new paradigm
of using the CS-based approach to realize audio compression
that can function as a new independent technique or augment
the existing codecs for a higher level of compression. This
work, CS-Audio, fabricated in TSMC 65-nm CMOS technology,
presents the first CS-based compression, equipped with an
ON-chip DWT sparsifier for non-sparse audio signals. The CS
design, realized in a pipelined architecture, achieves high data
rates and enables a wake-up implementation to bypass com-
putation for insignificant input samples, reducing the power
consumption of the hardware. The measurement results demon-
strate a 3X–15X reduction in transmitted audio data without
a perceivable degradation of audio quality, as indicated by the
perceptual evaluation of audio quality mean opinion score (PEAQ
MOS) >1.5. The hardware consumes 238 µW power at 0.65 V
and 15 Mbps, which is (∼ 20X–40X) lower than audio codecs.

Index Terms— Audio augmented reality (AR), audio compres-
sion, compressive sensing (CS), MP3, SoC design.

I. INTRODUCTION

EMERGING applications involving Internet of Bodies
(IoB) [1], augmented reality (AR), virtual reality (VR),

and mixed reality require audio data transfer with low power
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Fig. 1. Audio offers an alternative interactive modality to vision in AR
systems targeting zero visual distractions, including blind individuals or for
those involved in driving or walking that demand continuous visual attention.
Building blocks of AAR system: i) audio playback system, ii) location
tracking, iii) context gathering, iv) audio encoding, v) spatial rendering, and
vi) human–machine interaction interface.

and low latency for enhanced battery life and better user expe-
rience. For example, audio-based AR (AAR) [2] is a devel-
oping technology that incorporates auditory content generated
by cloud servers or handheld mobile devices into the human’s
real-world acoustic space. In addition to complementing vision
in AR, audio also presents a promising alternative to vision
as a display modality in AR for visually impaired or blind
individuals or users involved in visually demanding tasks such
as driving and walking. Fig. 1 shows a typical AAR system.
Several prototypes have demonstrated AAR applications in
the fields of tourism [3], location-based communication and
information sharing [4], [5], gaming and entertainment [6], and
even as a novel technique for machine–human interaction [7].

A binaural headset with a microphone acts as an audio
playback setup for simultaneous perception of real and virtual
sounds [8]. Sensors, present in the headset systems, capture
and relay the information, regarding the environment, user
posture, etc. in the form of speech signals, to the cloud
servers or mobile handsets, which in turn send back interactive
augmented auditory data to the headsets [9]. To function
effectively, these sensor nodes must operate at higher data rates
to support audio, both for capturing and receiving information,
but with low power and latency to ensure a longer lifetime and
facilitate real-time applications. This work primarily focuses
on reducing the power requirement of these sensors, which
could find utilization in some of the future AAR systems,
especially the ones in which the sensor communicates with
a machine RX/HUB and can tolerate lower SNR. Note that
RX/HUB can use or itself be the server present on the cloud.
Even the mobile handsets (when used as RX/HUB), equipped
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Fig. 2. Motivation and contributions of our work; the challenge of reducing power consumption of sensor nodes traces back to communication power.
The codec-based compression techniques require a huge power budget and fail to work efficiently in energy-constrained nodes. Existing works show the
applications of CS in sparse signals like the image or physiological signals, but an SoC exhibiting the compression of non-sparse audio signals remains
unexplored. This work explores the applicability of CS to audio and proposes a low-power alternative to audio codecs for these nodes.

with the power of high storage batteries and wireless charg-
ing systems, can be assumed to be less energy-constrained,
compared with sensor nodes.

Analyzing the power profile of a sensor node, it is observed
that the communication power, associated with transmitting
the data, is orders of magnitude higher than the sensing
and computation power in a node [10]–[12], which is shown
in Fig. 2. This motivates the reduction in the number of
communicating bits, i.e., the audio compression at the node
(headsets), without incurring any loss in information, to bring
down the overall power consumption of the sensor node.
As the RX/HUB accommodates a sufficient power budget,
the downlink audio to the node, containing the interactive
feedback, can be communicated in better quality audio to
ensure enhanced user perception. As TX nodes operate in
energy-constrained scenarios, the uplink audio streams (node
to RX/HUB) should be compressed to reduce the communi-
cation burden. Note that RX/HUB, cloud servers, or mobile
devices are usually well-equipped to work with low-quality
compressed audio.

Established audio codecs, such as AAC and MP3, employed
in mobile phones, broadcasting systems, perform high-fidelity
compression of audio streams to reduce the number of com-
munication bits while maintaining acceptable audio quality.
Unfortunately, these codecs require high power, which is
usually in the order of milliwatts [13], [14], which hinders their
applications in auditory sensor nodes. Complex codecs such
as Sony’s LDAC [15] and AAC also suffer from significant
latency in the range of 30-60 ms [16], thereby restricting their
use in real-time applications that demand low latency.

Compressive sensing (CS) [17], [18], a well-known sig-
nal processing technique, used for processing physiological
[19]–[23], such as EEG and ECG, image [24] and video
[25], [26] signals, can present a promising low-power alterna-
tive to audio codecs. CS uses the sparseness of the input signal

in a particular domain to reduce the number of transmitting
samples. For reconstruction, the CS requires fewer samples
than Nyquist sampling and uses mathematical tools such as
L1-norm minimization to recover the original signal. Previous
CS-based sensors have focused entirely on “sparse” physiolog-
ical, image, or video signals. CS exploits the low information
rate of bio-signals (signals of interest occurring infrequently)
to acquire them at a rate proportional to information rate rather
than the frequency content of the signal, reducing the number
of bits transmitted, as shown in Fig. 2 (right).

For non-sparse signals with high information content
such as audio, an additional pre-processing, i.e., sparsifier,
is required for using CS. Although a few works have investi-
gated the application of CS to audio signals, including heart
sound acquisition [27], [28], speech [29], etc., and developed
a theoretical framework [30], as far as our knowledge goes,
a complete SoC demonstrating CS for audio is not explored in
the literature yet. Preliminary version of this work is presented
in IEEE CICC, 2021 [31]. In this version, we explored the
relevance of the proposed compression scheme in real-time
applications and benchmarked its performance with well-
established conventional audio codecs, such as MP3. Further-
more, a comprehensive study is conducted to estimate the
range of reconstructed audio quality across different audio
types.

A. Contributions of Our Work

1) This work, CS-Audio, presents the first CS design,
enabled with a discrete wavelet transform (DWT) spar-
sifier for catering to non-sparse signals such as high-
definition audio.

2) CS-Audio achieves 3X–15X reduction in transmitted
audio data with orders of magnitude lower power, when
compared with traditional audio codecs [13].
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3) This work incorporates a pipelined architecture imple-
mented in a wake-up mode to achieve the highest oper-
ating speed (∼>200X) and lowest energy efficiency
(∼>2X) than previously reported works that are based
on the principle of CS. Note that these previous works
target physiological applications that usually function at
lower data rates.

4) This work benchmarks the performance of the proposed
CS-Audio with conventional codecs, such as MP3 in
terms of achievable compression, power requirements,
and latency. The proposed compression scheme achieves
(∼>40X) reduction in power with a comparable audio
decoding time and quality.

5) The proposed architecture, though optimized for non-
sparse high-speed operations, is generic enough to func-
tion with both non-sparse and sparse signals. Thus,
we can, as shown in Fig. 2, operate across different
speed and sparsity specifications.

B. Organization of Paper

The remainder of the paper is organized as follows.
Section II explains the theory and mathematical background of
the CS. In Section III, the different design choices are studied,
including the metrics, sparsifier, sensing matrix generator,
spare recovery algorithm, etc. for our architecture. Section IV
presents the proposed architecture for CS-Audio, illustrating
the need for pipelining and wake-up mode implementation
of the design. Section V provides useful insights on the
application of CS-based audio compression on different types
of audio signals. Section VI shares the measurement results
of ASIC and compares the proposed design with the related
works reported in the literature. In Section VII, we benchmark
the proposed CS-based compression with the existing audio
codecs and discuss the role of CS-Audio in Audio AR systems.
Section VIII concludes the paper.

II. COMPRESSIVE SENSING

This section discusses the basic overview of the principles
of CS, highlighting the key concepts of signal sparsity, inco-
herent sampling, and reconstruction and their relevance toward
applying CS to audio signals.

A. Theory and Background of CS

CS leverages the signal structure, either to sample sig-
nals, such as video [25] at sub-Nyquist frequencies while
countering the effects of aliasing and facilitates effective
compression during sampling or reconstructs signals such
as EEG and ECG [20], with fewer samples than Nyquist
sampling. Mathematically, CS is a linear transformation of
a set of vectors (signal representation) from one basis to
another using sensing or measurement matrix φ. To achieve
compression, the signal or vector must satisfy two fundamental
criteria, namely, signal sparsity and incoherent sampling [32].
CS allows for the reconstruction of N samples of a sparse
signal X by transmitting only M samples of compressed data,
Y , where M < N , achieving a compression, quantified by

compression factor (CF), defined as the ratio of N/M. This
reduces the communication overload of the sensor and hence
reduces the power consumption. To recover N samples from
only M samples of data, L1-norm minimization is used to
solve the convex optimization problem. The reconstruction
step, being computation-intensive, requires high power and
is usually carried out in RX/HUB, which is less energy-
constrained. Previous works have explored the use of CS in
biophysical applications such as EEG and ECG [20]–[22] and
biomedical imaging applications such as magnetic resonance
imaging (MRI) [33], [34], ultrasound [35], and computed
tomography (CT) [36]. CS is used to compress analog images
before digitization in image sensors [37] and also perform
video compression [25].

CS-based compression can be broken down into two broad
categories, which include signal compression comprising sig-
nal conditioning (sparsification) followed by CS encoding
and signal reconstruction step that recovers back the original
signal.

1) Signal Compression:
a) Signal acquisition/sparsification: The first step for CS

involves a sparsifier that performs linear transformation of
signal to another basis ψ , where the signal is sparse, such
as FFT, DWT, DCT, or DST. Equation (1) depicts the matrix
manipulations involved in the sparsifying operation to convert
the signal from non-sparse (X) to sparse representations ( f ).
ψ is a unit matrix for inherently sparse signals, which indicates
that we can skip this step for these signals:

[ f ]N×1 = ψN×N .[X]N×1. (1)

b) CS Encoding: The next step involves compressing
the sparse signal ( f ) of length N into M number of output
measurements (Y ), thereby exhibiting a compression of N/M.
CS encoding is a matrix multiplication operation of the sparse
input signal ( f ) with a sensing or measurement matrix (φ) to
obtain compressed output measurements (Y ) as shown in (2).
These compressed samples are transmitted to the RX, where
they are reconstructed to get the original signal (X):

[Y ]M×1 = φM×N .[ f ]N×1. (2)

2) Signal Reconstruction: Reconstructing the original sig-
nal (X) is a two-step process, the first being recovering
the sparse signal ( f ), followed by desparsification. Sparse
recovery is carried out by solving a convex optimization
problem using L1-norm minimization. The sensing matrix,
used during CS encoding, is provided as input to the optimizer.
Desparsification is then done, using the sparse basis, to get
the original signal (X). The following equations show the
underlying mathematical expressions for sparse recovery and
desparsification, respectively:

min
f ∈�N

= || f ||L1, subject to Y = φ f (3)

[X]N×1 = ψ−1
N×N · [ f ]N×1. (4)

B. Prerequisites

1) Signal Sparsity: The signal of interest must exhibit
sparsity in some basis or domain, i.e., when transformed to
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that basis, the majority of the constituent elements in the
signal are zero. For an instance, a sinusoidal signal requires an
infinite number of samples to represent it in the time domain,
while in the Fourier or frequency domain, a single frequency
can represent the input sinusoidal. Thus, a sinusoidal signal
is sparse in frequency or Fourier basis. Fortunately, many
biophysical, image, and video signals are sparse in the time,
spatial, or temporal domains, making them suitable for data
compression using CS. For non-sparse signals, such as audio,
a pre-processing unit in the form of a sparsifier, represented by
sparse basis ψ , is required to perform sparsification to comply
with the requirements of CS. Note that signal sparsity is
directly related to compressibility in CS. Consequently, sparse
signals such as ECG and APs undergo a higher degree of
compression compared with non-sparse signals, such as audio.

2) Incoherent Sampling: Besides sparsity, CS also depends
on the degree of coherence μ between the sensing matrix
φ and sparse basis ψ . For reliable reconstruction at the
receiver, the rows of the sensing matrix are required to be
“uncorrelated” with columns of the sparse basis

μ(φ,ψ) = max
k, j

|〈φk, ψ j 〉|. (5)

The lesser the coherence μ, given by (5) [38], the fewer
samples are required to recover the original signal. Gaussian or
Bernoulli distributions are commonly used to generate sensing
matrices φ, with elements having least correlation with that of
sparse basis ψ . The minimum number of measurements (M)
required to recover the original sparse signal [22] is given by

M ≥ C.μ2(φ,ψ) · S · log N (6)

where C is the empirical constant in the range of 2–2.5 [39],
N is the number of samples of the signal considered for
compression, and S determines the sparsity of the signal, i.e.,
the number of non-zero elements out of N samples or the
measure of information contained in the signal. Equation (6)
shows that the higher the information content (S), the more
measurement samples are required to recover the original
signal.

III. DESIGN CONSIDERATIONS

This section provides valuable insights into the different
architectural explorations that have been performed to realize
an optimized design. The performance metrics used for eval-
uation, the used sparsifier, recovery techniques, and sensing
matrix generator are discussed while providing details on the
optimal operating conditions for applying CS to audio signals.

The results demonstrated in this section are calculated by
averaging the values of the evaluation metrics, obtained for a
set of 50 randomly picked audio signals from [40] and [41],
which comprises environmental, music, and speech audios,
thereby generalizing to most of the conditions.

A. Metrics for Audio Performance Evaluation

To encapsulate all the aspects while comparing the audio
signal, signal-to-noise distortion ratio (SNDR) and perceptual
evaluation of audio quality mean opinion score (PEAQ MOS)
are chosen to gauge the effectiveness of audio compression.

SNDR is defined as the ratio of the sum of the magnitude
of amplitudes in the original audio signal (s(n)) to the sum
of the absolute difference in amplitudes of the original and
reconstructed audio signal (r(n)) for every sample, signifying
the correlation of original and reconstructed signals in the time
domain

SNDR = |s(k)|2
|s(k)− r(k)|2 .

PEAQ MOS, developed in 1994–1998 by International
Telecommunication Union’s Radiocommunication Sector
(ITU-R BS.1387), is a standardized algorithm that objec-
tively measures the perceived audio quality [42]. It uses
software [43], [44] that throws out a numerical value in
the range of 1 (Bad) to 5 (Excellent) by integrating the
multiple model output variables, obtained by simulating the
perceptual properties of the human ear. Audio inferencing
operated in intelligent assistants is more tolerant to input
quality, functioning effectively when the PEAQ MOS for
characterizing perceived audio quality exceeds 1.5, as stated
in [45]. Also, in the targeted application, where the focus lies
on compressing the uplink audio (from wireless headphones
to cloud servers/mobile handsets), the quality of reconstructed
audio (PEAQ MOS) is not a stringent requirement. With the
development of robust neural-network-based systems, with
inherent error tolerance, and software-based audio processing
schemes, these servers can function effectively even with
moderate quality audio. Thus, PEAQ MOS of 1.5, a fair
representation of audio (according to ITU-R standards), is suf-
ficient for successfully decoding the upstream audio signals
communicated to the servers/mobile devices. As seen in Fig. 3,
the PEAQ MOS correlates with the SNDR of the reconstructed
audio, degrading with increased compression levels.

Due to its ability to incorporate the perceivable characteris-
tics of the audio signal, MOS is assigned a higher priority than
SNDR. SNDR, on the other hand, compares the time-domain
signal amplitudes of the original and reconstructed signals,
which is not a sufficient parameter to gauge the performance
of signals, such as audio.

B. Choice of Sparsifier (DWT Versus DCT)

The choice of sparsification technique plays a key role in
faithful signal reconstruction at the RX and also dictates the
degree of compression at the encoder end. There are typically
two types of compression techniques, based on their effect
on the original signal, namely, lossy or lossless compression.
Lossless compression focuses on the reconstructed signal
quality while reducing the size of the audio signal to be trans-
mitted. Lossy compression compromises the signal quality for
the degree of compression, reducing perceptual redundancy,
which includes the frequency that cannot be perceived by
the human ear. Thus, lossy compression imposes irreversible
loss to the original audio signal. Conventional audio codecs
such as .MP3 and .AAC constitute lossy compression while
.FLAC, .WAV, etc. are lossless. These audio codecs are
fundamentally built on two of the compression algorithms,
i.e., discrete cosine transform (DCT) and discrete wavelet
transform (DWT). Although DCT offers better sparsity than
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Fig. 3. Choice of sparsifier: Simulation results show the impact of DWT
and DCT based sparsifier on the performance of CS. DWT outperforms DCT
in terms of reconstructed audio quality at the RX.

DWT for an audio signal, yet DCT, being a lossy compres-
sion, fails to maintain the signal integrity, thereby exhibiting
poor signal reconstruction. Fig. 3 presents the quantitative
analysis comparing the performance of DCT- and DWT-
based sparsification for audio compression. To determine the
effectiveness of the used sparsifier, CS-based audio compres-
sion is performed with both DWT and DCT sparsifiers for
different audio compression levels, quantified by compression
factor (CF) and fixed number of output compressed samples,
M(=30). CF denotes the number of input samples (N) that are
compressed into M linear measurements at the output, thereby
achieving a compression of N/M. The results show that the
SNDR and PEAQ MOS for the reconstructed audio signal lie
within acceptable limits for a DWT-based sparsification (up to
CF of 15) when compared with DCT that fails to maintain
audio quality post-reconstruction. Thus, DWT is chosen as
an audio sparsifier over DCT. Note that the range of SNDR
values is consistent with the previously reported works in
audio [27], [29].

C. Choice of No. Of Measurements (M)

M denotes the number of linear measurements/combinations
into which the input audio samples are compressed.
Equations (5) and (6) show that bigger M should yield better
signal reconstruction at the RX/HUB even with fewer samples.
However, several other factors, such as incoherence between
the sensing matrix and sparse basis, and sparsity of the sig-
nals, influence the quality of reconstruction. The CS encoder
accumulates N number of samples into M number of mea-
surements, achieving compression of CF (=N/M) compressing
in windows of size of M × CF samples. For a constant CF,
a bigger M increases the compression window, which thereby
increases the signal information that we are accumulating,
as shown in Fig. 4. Consequently, the performance of the
decoder degrades to reconstruct the signal effectively for
large compression windows, reducing the quality of output
audio. On the other hand, we see that having a smaller

Fig. 4. Simulation results justify the choice of number of measurements (M).
For M = 30, the design offers superior fidelity of reconstructed audio signal,
while lowering the signal reconstruction time (latency).

Fig. 5. Simulation results show the variation in SNDR and PEAQ MOS for
different CF, indicating the optimal operating CF for audio signals. PEAQ
MOS ≥1.5 and SNDR ≥0.2 are required conditions for acceptable quality of
reconstructed audio.

compression window recovers the original signal faithfully.
Moreover, increasing the value of M also increases the power
and area overhead of the design, making it a crucial design
consideration. Fig. 4 show that for higher M , the quality of
the reconstructed signal degrades, impacting the SNDR and
PEAQ MOS of the recovered signal. On the contrary, reducing
M increases the time needed for reconstructing the signal,
which is detrimental to real-time applications such as speech
processing due to the latency involved with signal recovery.
In this work, the value of M is chosen to be 30, considering
the trade-off between latency and output audio quality. Fig. 4
depicts that for M = 30, the perceptual quality of output audio
signal is higher than the acceptable level of MOS, i.e., ≥1.5,
improving the normalized signal reconstruction time by ∼10X
when compared with that for M = 3.

D. Choice of Optimal Compression Factor

The degree of compression or operating CF is dependent
on the sparsity of the input signal. As described earlier, CF is
the ratio of the number of input samples (N) that are being
compressed to the number of linear measurements (M) into
which they are accumulated. i.e., CF = N/M. Simulations are
performed to find the optimal CF for performing CS-Audio, as
depicted in Fig. 5. For non-sparse signal-like audio, increasing
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Fig. 6. Control flow and circuit implementation of varying seed dual PRBS sensing matrix generator. The control signals synchronize the operation of matrix
multiply block, seed generator, and sensing matrix generator.

the CF implies integrating higher signal content in the com-
pression window, thereby degrading the output audio quality,
which is observed in SNDR and PEAQ MOS. For sparser
signals, such as physiological signals, as the signal content is
low for a given compression window, the achievable degree of
compression is higher. Fig. 5 throws light on the optimal CF
for the audio signal. It is found that for the reconstructed signal
with PEAQ MOS of higher than 1.5, which is considered
acceptable audio quality, the CF that can be applied for audio
signals, without perceivable quality degradation, lies is in the
range of 3–15X for chosen M = 30.

E. Choice of Sensing Matrix Generator

The random matrix generator plays a limiting factor in the
power and area overhead of the CS encoder. One straightfor-
ward technique to realize a random matrix is to implement
a memory or lookup table (LUT) to hold the predefined
entries that can be referenced at the time of computation. This
method occupies a huge area with high power consumption,
as these memory elements (flops) need to be operated at
Nyquist frequency. To obtain a compression of 10X with an
M of 30 requires accumulation of 300 input samples (N),
thereby demanding 9000 entries in the LUT/memory, occupy-
ing considerably higher area than other constituent elements
of CS encoder. Another approach proposed by [46] uses an
independent PRBS generator for each of M output measure-
ments. This method provides a significant improvement over
the previous memory implementation, requiring only 450 flip-
flops (15×30) for a 215 PRBS sequence for each measurement.
Although the area of the matrix generator is reduced in [46],
the PRBS generators and clocking network contribute to the
majority of power consumption in the CS encoder. In this
work, a varying seed dual PRBS-based random matrix gener-
ator [22] is used that produces the required random Bernoulli
matrix by XOR-ing the output of one PRBS generator with
every state of the second PRBS generator, as shown in Fig. 6.
For every new input sample, a new seed is chosen for the
two PRBS, generating Bernoulli matrix entries that are needed
for CS encoding. Without considering additional overhead for

seed update and generation, this implementation requires only
45 flip-flops for M of 30 when compared with 450 in the
previous technique, thereby saving at least 10X in terms of
power and area. Fig. 6 shows the circuit implementation of the
sensing matrix generator, along with the control signals that
synchronize the operation of the CS encoder, seed generator,
and matrix generator.

F. Choice of Sparse Recovery Algorithm

Minimization of L1-norm is preferred over L0-norm and
L-2 norm for several reasons [17]. Although L0-norm provides
the exact solution of the original sparse signal but being a
non-convex NP-hard optimization problem, it fails to produce
a numerical solution [32]. The L2-norm minimization is less
computation-intensive than L0-norm, but fails to perform
sparse recovery, with the energy distributed over all the
signal elements as opposed to the L1 norm, where they are
consolidated into fewer samples [32].

Basis pursuit (BP) [47] effectively solves L1-norm opti-
mization and returns an accurate reconstructed signal. Several
greedy algorithms [48], such as orthogonal matching pursuit
(OMP) [39], [49] and compressive sampling matching pur-
suit (CoSaMP) [50], [51], provide quicker outputs than the
L1-norm BP method, by making locally optimal decisions,
but fail to generate a globally optimum solution. Fig. 7
shows the comparison of different sparse recovery algorithms,
i.e., BP [52], OMP [53], and CoSaMP [54], in terms of
PEAQ MOS, SNDR of reconstructed signal, and normalized
reconstruction time (correlated with latency of operation).
Although BP works slowest as far as the latency is concerned,
for non-sparse signals such as audio, BP works best in terms
of the quality of the reconstructed signal (MOS and SNDR).
For real-time applications such as voice assistants or audio
inferencing, the latency involved in decoding the audio plays
a decisive role. Thus, CoSaMP provides a potential alternative
to BP, as it has low latency decoding with acceptable audio
quality (SNDR and MOS). In this work, we select CoSaMP
as the decoding algorithm in RX, keeping in mind the Audio
AR applications and possible machine inferencing.
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Fig. 7. Performance evaluation of different sparse recovery algorithms in terms of PEAQ MOS, SNDR, and normalized signal reconstruction time.
BP outperforms OMP and CoSaMP with regard to reconstructed signal quality, while consuming longer time for signal reconstruction.

Fig. 8. Block level overview of the proposed architecture, showing the implemented CS-Audio with modes of operation, along with OFF-chip computations
and performance metrics.

G. Operating Modalities

The design can operate in two modalities based on the type
of audio that is provided to it. The default modality Mode 1
acts on raw audio data in the form of.WAV, etc., while Mode 2
uses the pre-processed compressed high-quality audio data
in.AAC, etc. formats. Mode 1 provides a new alternative solu-
tion for low-power audio compression when compared with
conventional codec-based audio compression. Mode 2 offers
additional compression to the codec-based compressed audio
signal, further reducing the number of transmitted bits and the
power associated with their communication, but it suffers from
higher computation power and degraded reconstructed signal
quality, resulting from multiple compression techniques that
operate on the source audio signal.

IV. PROPOSED ARCHITECTURE FOR CS-AUDIO

To benefit from the lower power consumption of digital CS
implementation over analog CS [22] and reap the advantages
of process portability [55], we have considered a fully digital
architecture in this work. The CS-Audio comprises the pre-
processing unit, the CS encoder, and a serializer, followed
by a transmit buffer. Fig. 8 shows the block-level overview
of the proposed architecture. The CS-Audio takes in N input

samples and compresses them into M linear combinations,
using on-chip DWT sparsifier and the sensing matrix φ, real-
izing a matrix multiplication, i.e., CS Encoding. Thus, instead
of N input samples, M compressed samples are transmitted,
thereby reducing the communication power of the sensor by
approximately N/M, which consequently lowers the overall
sensor power. The hardware is designed to operate with audio
in both raw formats (such as.WAV—in Mode 1) and com-
pressed format (such as.AAC—in Mode 2). Finally, to ensure
operation at high speeds, the entire hardware is realized as
a pipelined architecture. Convex optimization problem, given
by (3), is solved OFF-chip in MATLAB to recover the signal
from compressed audio samples.

A. Sensor/TX

1) Pre-Processing Units: The input signal is digitized to
8 bits and is fed serially to the CS IC. The pre-processing
units consist of a deserializer, the signal conditioner that uses
a DWT-based sparsifier to sparse the audio signal, and the bit
padding block that pads zeros to the input signal in case of a
sparse input signal (when the sparsifier is bypassed).

The deserializer unit deserializes the serial input audio bits
into parallel data samples that are then sent to the subsequent
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Fig. 9. Circuit implementation of a two-stage DWT.

Fig. 10. Comparison of the post-synthesis sparsifier hardware results with
MATLAB simulations for an input sinusoidal signal.

signal conditioner block. The signal conditioner performs spar-
sification of audio samples using two-stage DWT sparsifier,
before feeding to the CS encoder for compression. Unlike
Fourier transform, wavelet transform provides the time and
frequency information of a given signal, which makes it a pow-
erful tool to extract small changes or disturbances in the audio
data. DWT is realized by passing the signal through low-pass
filter (LPF) and high-pass filter (HPF), followed by decimation
by a factor of two to generate approximation coefficients (cA)
and detail coefficients (cD) that capture the low- and high-
frequency information respectively, as shown in Fig. 9. To pre-
vent bit overflow, the word-length for the two-stage 25-tap
DWT is chosen to be 16. Thresholding block is used to
omit all the insignificant samples below a specific threshold,
without impacting the final signal recovery. A 25-stage FIR-
implementation of Chebyshev LP and HP filters are realized
with the filter coefficients calculated from the Parks McClellan
algorithm. Figs. 9 and 10 show the circuit-level implementa-
tion and the post-synthesized results of the two-stage DWT
sparsifier, respectively. It is seen that the post-synthesis results
match with the MATLAB simulations, validating the efficacy
of our design. In Fig. 10, the results obtained from MATLAB
simulations are plotted as a continuous-time signal, while
the results from the post-synthesis hardware are plotted as

Fig. 11. Comparison of dynamic power for wake-up and nonwake-up CS
encoder implementations.

a discrete time signal. The corresponding values of y-axis for
both the cases are same. This is because a digitized sinusoidal
signal is fed to the DWT accelerator, whereas a continuous
time sinusoidal is used for MATLAB simulations. Also, due
to sparsification, the number of non-zero samples required to
represent the original signal reduces by four times.

There is also a provision to bypass the sparsifier using
an external scan to operate sparse inputs like physiological
signals, e.g., ECG. As sparsification produces a 16-bit output
of 8-bit audio input, a bit padding block is incorporated to
pad zeros to the sparse inputs for proper functioning of the
CS encoder, which is designed to cater to 16-bit input.

2) CS Encoder: The output of the sparsifier, supplied to
the CS encoder, includes the majority of elements with zero
value. Thus, to reduce power consumption, the CS encoder,
including the sensing matrix generator and matrix multiplier,
is implemented in a wake-up mode, such that the block is
power-gated when the input is zero, preserving the previously
accumulated values in the registers. The BEGIN signal from
the control and sequencing block, as shown in Fig. 12, indi-
cates the state of the input sample. Fig. 11 provides the benefit
in the dynamic switching power for wake-up- and nonwake-
up-based implementations of CS encoder for different input
frequencies. The power numbers show that wake-up-based
implementation consumes at least 27% less power than the
nonwake-up counterpart. Thus, wake-up implementation uses
signal sparsity to skip few computation cycles to enable low-
power operation.

Fig. 12 shows the implementation of the proposed wake-
up CS encoder. Multiply and accumulate (MAC)-based CS
encoder performs matrix multiplication and accumulation
operations for N input samples to achieve compression, by a
factor of N/M. For every non-zero input sample, indicated by
BEGIN, the matrix multiplier accumulates the product of the
input sample and the row elements of the sensing matrix φ
in an M number of 16-bit accumulators. As shown in Fig. 4,
the value of M is chosen to be 30, considering the trade-
off between signal reconstruction time (latency) and output
audio quality, to obtain area and power optimal design. The
degree of compression can be set using a 3-bit external scan
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Fig. 12. MAC-based CS encoder implemented in wake-up configuration. BEGIN signal controls the operation of the block. INITIALIZE resets the accumulators
to encode next N input samples. The multiplier block, realized using AND logic gates, reduces the power and area.

and can vary in the range of 3X–33.3X for both the modes
(Mode 1 and 2). The accumulator size is chosen to be 16,
trading off the area and power with buffer overflow. After N
samples, the counter generates the INITIALIZE signal, which
resets the accumulator for the next N samples, before serial-
izing the accumulated values for transmitting the compressed
audio samples.

For reliable reconstruction at the receiver, the rows of the
sensing matrix are required to be “uncorrelated” with each
other. A varying seed dual PRBS-based sensing matrix [22],
consisting of two independent PRBS generators, produces the
required random Bernoulli matrix. A seed update signal is
sent to the seed generator to update the seed of the sensing
matrix for every incoming input sample. Fig. 6 shows the
circuit implementation of the matrix generator, along with
the control signals that sequence the events. The seeds of
the PRBS generators in the sensing matrix are re-seeded after
N samples. As the elements of the sensing matrix are either
0 or 1, the matrix multipliers used in the CS encoder block
are realized using logic AND gates (Fig. 12) to further reduce
the power and area of the design.

3) Serializer: The serializer after the CS encoder block
performs the serialization of accumulated values, which are
then transmitted using transmit buffer. To ensure proper syn-
chronization of output data, each measurement is preceded by
a header that marks the beginning of the data. The serializer
takes in 30 output measurements, each of 16 bits, and serializes
them into constituent bits.

B. RX/HUB

RX operations including the signal reconstruction and per-
formance evaluation are performed OFF-chip in MATLAB.
As explained in the previous section, for signal reconstruc-
tion, L1-norm minimization is done by compressive sampling
matching pursuit (CoSaMP) [50], [51] algorithm using the
received compressed bits, sensing matrix (φ) used for CS

Fig. 13. OFF-chip computation flow for signal reconstruction.

encoding, and signal basis (ψ). SNDR and PEAQ MOS are
used for performance evaluation. The values of these metrics
are used to tune the operating knobs of the CS-Audio, such
as CF and operating speeds, to ensure reconstructed audio lies
within acceptable quality limits. Fig. 13 shows the OFF-chip
computation steps that are performed for signal recovery.

V. STUDY ON DIFFERENT TYPES OF AUDIO SIGNALS

To quantify the impact of audio compression on different
types of audio signals, we have performed a comprehensive
study on CS-Audio with different audio datasets, ranging
from speech, music, and environmental sounds, available from
popular research databases. The study explores the max–
avg–min values of SNDR for varying compressions (CF)
and different input audio signals, bigger datasets than those
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Fig. 14. SNDR and MOS values for different audio inputs for varying CF, along with max–avg–min curves to estimate/predict the range of achievable SNDR
and MOS for a given CF. Results are taken for CoSaMP-based decoding scheme.

used for obtaining plots in Fig. 7, thereby providing richer
insights on estimating the expected SNDR ranges based on
the applied input and compression levels. Fig. 14 shows the
SNDR and PEAQ MOS data points for different input audio
signals (indexed from 1 to 100) for varying CF. As expected,
with the increasing CF, the SNDR of the reconstructed audio
degrades due to the accumulating more signal content in
a fixed number of output measurements (M). Some input
audio samples in Fig. 14 have SNDR values below 0.001 dB,
implying a failed audio reconstruction at the receiver end.
Note that these samples correspond to cases that are subjected
to higher compression levels (CF = 30), reiterating the fact
that the optimal compression levels for audio signals lie in
the range of 3X–15X, as discussed earlier in Section III-D.
Fig. 14 also shows the max–avg–min values of achievable
SNDR and PEAQ MOS for 100 different input audio samples
taken from [56]. The plot helps in finding the maximum
applicable CF for achieving a particular degree of fidelity
at the receiver. The trade-off between energy savings due
to compression and assimilated error in the output (lower
SNDR) determines the applied CF. Note that we can tune the
parameters of the decoder for samples with MOS degrading
below 1.5 at the cost of time needed for decoding the audio at
RX. Fig. 15 dives deeper into the SNDR and PEAQ MOS
ranges for different types of audio inputs, such as speech
and music. The plot shows the max–avg–min ranges while
providing information on the percentage of audio inputs for
specific SNDR and MOS conditions. We observe that the
proposed CS-Audio works best for speech signals with >80%

of audio samples exhibiting SNDR >0.5 for CF of 15, while
that of music signals having <40% input audio samples with
SNDR >0.5. The plots using PEAQ MOS provide similar
inferences with around 60% audio samples >1.5 for both
speech and environmental signals. Thus, depending on the
input audio of interest, the CF can also be tuned in the CS
encoder to ensure the SNDR of reconstructed audio remains
within acceptable limits. Although we see around 50%–60%
audio samples satisfy the acceptable range for PEAQ MOS in
Fig. 15, the CoSaMP decoder parameters, such as maximum
iterations and sparsity thresholds, can be increased to achieve
better quality. Finally, advanced software-based audio post-
processing techniques can be used in the RX to further
bolster the audio quality. The environmental sounds, music,
and speech audio datasets are reused from [40] and [41],
respectively.

VI. MEASUREMENT RESULTS

To validate the functionality of the CS encoder and to
demonstrate the operation of audio compression, CS-Audio is
fabricated in TSMC 65-nm CMOS technology. Fig. 16 shows
the die micrograph and chip specifications of the fabricated
IC. The design occupies 400 μm ∗ 320 μm area.

A. Measurement Setup and IO Waveforms

Fig. 17 shows the measurement setup for testing CS-Audio.
The audio samples are digitized in MATLAB and fed to the
chip through arbitrary waveform generator (AWG), along with
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Fig. 15. Effect of audio compression on different audio signals, namely, environmental sounds, speech, and music. The analysis shows the max–avg–min
curves for achievable SNDR and PEAQ MOS. This can be useful in predicting the range of reconstructed signal quality for different audio across varying CF.

Fig. 16. Die micrograph and chip specifications.

the clock signal. The compressed output samples, observed in
the oscilloscope, are captured and processed in MATLAB for
signal reconstruction.

Fig. 18 shows the timing diagram of the input audio signal
and output reconstructed signal for CF of 3. One second of an
audio signal is sampled at 44.1 kHz and fed to the chip using
AWG. The CS encoder performs the ON-chip sparsing and
encoding to generate compressed samples, shown in red. The
outputs of OFF-chip processing, i.e., BP algorithm for sparse
recovery, shown in blue, and the final inverse sparsification
using inverse DWT, shown in green, are also uploaded in the
GitHub repository [57].

B. Variation of Power Consumed With Data Rate

This subsection provides insights on power consumption of
CS-Audio for different supplies with varying CF.

Fig. 17. Measurement setup.

Fig. 19(a) shows the variation in the consumed power
with input data rate for different supplies. It is observed that
consumed power scales with the input data rate and supply
voltages, with the leakage power dominating the low-speed
regime. Fig. 19(b) shows the variation in power consump-
tion with different CF. It is found that the power remains
almost independent of the selected CF because varying the
CF changes only the number of input samples that are
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Fig. 18. Input–output waveforms of CS-Audio with 1-s audio signal, sampled at 44.1 kHz for compression of 3. The SparcLab GitHub repository [57]
contains the test audio inputs and processed audio signals for varying degrees of audio compression.

Fig. 19. Measurement Results. (a) Consumed power versus input data rate for fixed CF (= 5X) and supply voltage, (b) consumed power versus CF for
different input data rates and fixed supply, and (c) shmoo plot showing the operability of CS-Audio for different data rates and supplies. It helps in resolving
the optimal operating knobs for power-efficient operation of IC.

accumulated, the number of measurements(M) being constant.
Thus, the number of bits switching during the computation
remains unaffected for different CF, the consumed power being
almost constant. Note that the results shown in Fig. 19(a) are
taken for CF of 5X. The same trend is followed for any setting
of CF as seen from Fig. 19(b).

C. Operability at Different Supply Voltages

The shmoo plot shown in Fig. 19(c) presents the operability
of CS-Audio for different input data speeds. It indicates the
functionality of IC at different supplies for a given input data
rate. It is inferred that for an operating input of 15 Mbps,
a supply voltage of at least 0.65 V is required. The same can
function at lower supplies in case of slow inputs.

D. Optimal Operating Points for CS-Audio

Fig. 20 gives intuitions on the optimal operating condi-
tions for facilitating efficient functioning of CS-Audio. The
operating points for achieving the most optimum energy

Fig. 20. Optimal operating points of CS-Audio.

efficiency, ranging from 24 to 16 pJ/bit for inputs varying
from 0.1 to 15 Mbps, are shown. These points are generated
by operating the CS-Audio at optimal supplies, obtained from
Fig. 19(c).
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Fig. 21. Comparison with state-of-the-art CS works.

E. Comparison With Related Works

Fig. 21 tabulates the comparison of presented work with
other existing state-of-the-art CS-based sensors. Due to the
non-availability of CS works that target audio signals, we com-
pare our proposed CS-Audio with previous works that focus
on physiological signal sensing and also with audio codecs that
are currently used to perform compression of audio. With the
implementation of wake-up modes and pipelined architecture,
the present work achieves the highest speeds of up to 15 Mbps
with energy efficiency in the range of 24–16 pJ/bit. The power
consumed by the design is >20X lower than that required
by the conventional audio codecs. The algorithmic latency of
the CS-based compression is around 15 ms, which is lower
than that of AAC or LDAC audio codecs. Note that the
algorithmic latency of the proposed technique is calculated
from the time required (derived from the number of clock
cycles) for processing 1 s of audio (44 100 samples) at a
10-Mbps input data rate.

F. GitHub Repository: Test Audio I/O Signals

The test input audio signals to the CS-Audio along with
recovered audio signals are uploaded in the GitHub repos-
itory [57]. Due to the digitization of analog signals and
consequent sparsing, encoding, and transmission of bits, the
recovered signals exhibit some high-frequency noise. LPF-
based denoising ensures removal of this high-frequency nois-
ing to provide final recovered audio. Note that additional
software-based audio processing can be used to improve signal
quality post-reconstruction, which can be part of future work.
The SparcLab GitHub repository [57] includes the test audio
inputs and processed audio signals for varying degrees of
compression.

VII. DISCUSSIONS

A. Benchmarking With Audio Codecs

1) Audio Compression Levels and Power Requirements:
Conventional audio codecs, such as MP3, can offer a
moderate-quality representation of raw format music, WAV

(44.1 kHz, 16 bit, two channels), using 128 kbps, achiev-
ing compression of 11X and a high-definition audio at
320 kbps, compressing by 4.4X. AAC codec can produce
MP3-equivalent quality with only 3/4 of the bits, so a 96-kbps
AAC provides 14.7X compression with similar quality as
128 kbps MP3. For voice recordings or speech signals pre-
served in WAV format, bit rates of 64 kbps MP3 are sufficient
for effective operation, providing an overall compression of
22X. Although these codecs achieve compression levels rang-
ing from 4.4X to 22X, their encoding demands significant
power, which is not desirable for sensor nodes, especially the
ones applied in audio AR applications. This calls for a low-
power alternative to audio codecs that can work efficiently in
these nodes.

The measurement results show that standalone CS-Audio
(Mode 1) achieved acceptable audio quality for compression
of 3X–15X at orders of magnitude lower power than conven-
tional audio codecs-based compression techniques and reduced
latency involved in compression, as shown in Fig. 21. As dis-
cussed earlier in Section III-G, the proposed technique can
also be combined with MP3 or other audio codecs (Mode 2)
to enable additional compression of audio streams at the cost
of reduced quality of reconstructed audio than audio codecs.
This adds an additional operating modality, where Mode 1 can
be used in cases where the energy of the sensor turns out to be
a bottleneck while Mode 2 can find applications in scenarios
where the nodes are not usually energy-limited.

Fig. 22(a) shows the comparison of size of bitrate file
generated for 60 s of audio for different codecs and proposed
CS for varying compression levels. It is observed that the
proposed standalone CS-Audio offers comparable degrees
of compression w.r.t. established codecs. Fig. 22(b) shows
the comparison of different modalities of CS with MP3
(320 kbps). It is observed that Mode 1 offers low-power
solution (∼40X less power than MP3) for energy-constrained
scenarios, while Mode 2 provides a low overhead additional
compression (∼3X higher) to conventional MP3.

2) Audio Decoding: The proposed CS-based scheme, the
CS-Audio, uses a mathematical tool (CS) that exploits the
sparseness of signals to compress signals. During decoding,
an optimizer minimizes the L1-norm to recover the input
signal. L1-norm is a convex optimization problem, which
is computation-intensive and thus time-consuming. Several
greedy algorithms, such as OMP ans CoSaMP, aim to reduce
the decoding time by taking locally optimal solutions. On the
other hand, MP3 decoders, which are focused and optimized
for audio signals, are fast and usually applied in real-time
applications.

A thorough analysis is done to measure the performance of
CS decoders and conventional MP3 decoders. To estimate the
time required for decoding MP3- and CS-based compressed
audio, we have simulated MP3 [58] and CS [54] decoders in
MATLAB in the same simulation environment for the same
audio length. Multiple MP3 audios, with varying bitrates, are
considered to emulate the different levels of compression. The
results show that the CoSaMP decoder requires almost similar
time for decoding when compared with the MP3 decoder
across different compression levels, which is promising for
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Fig. 22. Performance comparison of the proposed CS with established techniques, like MP3. (a) Audio bit rate file size (MB) for 60 s of audio with different
audio encoders. (b) CS versus MP3 (320 kbps) across different modalities.

TABLE I

BP VERSUS COSAMP FOR TIME COMPLEXITY

TABLE II

COSAMP VERSUS MP3 FOR TIME REQUIRED FOR DECODING

applying CS to real-time applications. On the contrary, the
BP-based decoding scheme demands exceedingly high decod-
ing time, which can be observed from the time complexity
comparison of BP and CoSaMP, as shown in Table I and
Fig. 7, hindering its applicability to low latency AR. Table II
provides an estimate of the normalized CPU decoding time
needed for CoSaMP and MP3 decoders. Note that the CS
decoders are generic in nature, whereas MP3 decoders are
optimized to work with audio signals. Although MP3 decoding
algorithms are deterministic in nature, few individual steps,
such as Huffman decoding and re-quantizer, take a significant
number of iterations due to multiple nested for-loops and bit
manipulations [59]. Also, the MP3 encoders pack multiple
overhead bits for CRC, and the exact time for decoding MP3
is pessimistic, given that no such overhead bits are introduced
in this version of CS-Audio.

B. Role of CS-Audio in Audio AR

Audio AR uses sensor nodes that sense, compute, and
communicate data in audio to the RX/HUB, which processes
the received audio to provide appropriate feedback to augment
the user’s real-world acoustic space. These nodes, operating
in an energy-starved regime, demand a low-power operation

for longer lifetimes. As discussed earlier, the power expended
in communicating the data is orders of magnitude higher
than sensing or computation power. With the established
audio codecs failing to provide low-power compression, the
proposed CS-Audio presents a promising alternative for com-
pressing the audio signals in these nodes before sending to
RX/HUB, reducing the number of communication bits and
lowering the power budget, which extends the lifetime of these
nodes. Note that only the uplink audio compression (to RX)
is required as RX/HUB has a sufficient power budget to send
better quality audio feedback (downlink) to the nodes.

Although we have not provided any system-level demon-
stration for Audio AR, one can extend the developed concepts
and techniques for these sensors that operate with audio,
as follows. For a use-case, in a typical AAR system, the
sensor node present in the headset systems captures the audio
data from the user/environment (sensing), compresses the
same by the proposed CS-based compression technique, the
CS-Audio (computation), and transmits the compressed audio
samples (communication) to the receiver, usually present on
the cloud servers or mobile handsets. The RX, being less
energy-constrained, can use advanced software-based audio
shaping techniques, in addition to conventional L1-norm-based
signal reconstruction, to ensure proper decoding of compressed
audio. After gathering the relevant information, the RX sends
back interactive audio that enhances the user’s perception.
Note that the feedback to the sensor nodes can work in high-
definition audio without degrading the user perception, due to
availability of sufficient power budget at RX.

VIII. CONCLUSION

In conclusion, a new CS-based audio compression tech-
nique, CS-Audio, has been demonstrated in 65-nm CMOS
technology that offers a low-power alternative to conven-
tional audio codecs. The CS encoder is realized in a
pipelined fashion, implemented in a wake-up mode, and
equipped with an on-chip DWT sparsifier, for the first time,
to facilitate the compression of non-sparse audio signals.
It achieves the highest input data rate for CS-based sensors
(up to 15 Mbps) in the literature, while the wake-up operation
enables low-power design (2.4–238 μW). The power over-
head resulting from CS encoding (computation) is orders of
magnitude lower than the power saved from communicating
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the bits. Furthermore, benchmarking with established audio
codecs shows that the proposed compression scheme achieves
(∼>40X) reduction in power with a comparable audio decod-
ing time and quality. Finally, the presented architecture is a
generic CS-based compression technique and can be extended
to both sparse and non-sparse signals (all four quadrants
in Fig. 2).
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