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Abstract— Compressive sensing (CS) is a novel technique to
realize the low-power designs for sensor nodes and reduce
overall transmission power in a wireless sensor network. The
reconstruction engines using CS techniques have also been
widely explored to realize real-time processing. However, for
the applications of physiological signal monitoring, we are also
concerned about physiological conditions. Moreover, in most
cases, we are more interested in those high-risk signals, such as
paroxysmal atrial fibrillation (AF), that the syndrome happened
occasionally. Therefore, lots of computational efforts are wasted
if we fully reconstruct those normal signals that are irrelevant
to diseases. In this article, we present a tri-mode CS-based
compressed analytics (CA) engine that is fabricated in 40-nm
CMOS technology and this engine can realize CA, on-demand
reconstruction, and full reconstruction in a hardware sharing
manner. With CA, we can classify high-risk signals directly in
the compressed domain. While the on-demand reconstruction
can avoid unnecessary energy consumption of reconstructing
these normal sinus rhythm (NSR) signals. Hence, by adopting
on-demand reconstruction, the area-energy efficiency (AEE) of
this engine can be 3.22-to-67.57× better compared with state-of-
the-art designs. In summary, the proposed 2.41-mm2 tri-mode
CA engine has more comprehensive functionalities, but is more
lightweight for medical telemonitoring applications.

Index Terms— Compressed analysis, compressive sensing (CS),
dictionary learning, digital integrated circuits, on-demand signal
reconstruction, physiological signals telemonitoring.

I. INTRODUCTION

THE increasing trends of an aging population and chronic
diseases have aroused the awareness of health challenges.

Also, with the advances in the Internet of Things (IoT), many
wearable devices have moved to real-time monitoring in recent
years [1], [2]. However, due to the continuous monitoring
and data transmission to wireless health hubs or mobile
devices, the telemonitoring system is facing the challenges
of limited bandwidth and short battery life [3]. To address
these problems, the technique of compressive sensing (CS)
is a promising solution to reduce the overall data rates and
energy during data transmission [4].
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Fig. 1. Challenges of prior works in real-time ECG telemonitoring with NSR
and AF signals.

CS performs the compression and sensing simultaneously.
In CS, the high-dimensional signals can be measured with
low-dimensional measurements. Compared with traditional
Nyquist sampling, CS needs much fewer samples so that the
data rates for transmission can be further reduced. Therefore,
CS is one of the most suitable choices for real-time telemon-
itoring tasks.

Though CS-sensor can reduce the overall data rates and
the hardware of CS-based signal acquisition circuits are
investigated [5], [6], the computational complexity of the
reconstruction process is relatively high. However, the mobile
devices at the body side are desired to perform real-time
physiological signal reconstruction for timely prediction, deci-
sion making, and proactive prevention. This is essential for
healthcare applications such as AF and seizure detection.
Therefore, the CS-based reconstruction chips have been widely
explored to realize real-time monitoring, such as orthogonal
matching pursuit (OMP)-based design [7], variable orthogonal
multimatching pursuit (vOMMP)-based design [8], sparsity-
estimation with subspace pursuit (SE-SP)-based design [9],
and alternating direction method of multipliers (ADMM)-
based design [10]. These prior works aim to improve
throughput, area, or energy efficiency with different schemes.
However, their complexity and chip size are relatively high and
they only focus on the performance of reconstruction quality.
As illustrated in Fig. 1, there are some challenges that should
be considered in real-time telemonitoring tasks.

1) Perform Full Reconstruction for Occasional Events:
In most cases, we are interested in those high-risk signals
since they are related to diseases. Take paroxysmal atrial
fibrillation (AF) as an example, the AF events occur
only occasionally [11]. The number of AF samples
are much fewer than the signals with normal sinus
rhythm (NSR). In this case, lots of computational efforts
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Fig. 2. CS-based wireless healthcare monitoring system. (a) Prior CS-based reconstruction engines perform fully reconstruction only. (b) Proposed engine
can realize compressed analytic, on-demand reconstruction, and signal reconstruction.

are not necessary for reconstructing healthy physiologi-
cal signals. Hence, it is worth developing a mechanism
to identify those specific high-risk signals before energy-
consuming signal reconstruction.

2) Reconstruction Followed by Analytics (No Compressed-
Domain Analytics): The intensive latency and energy
consumption of CS reconstruction are the major draw-
back of CS-based telemonitoring systems. However, it is
desired to realize low-complexity signal classification
for timely prediction and proactive prevention. Besides,
the concept of compressed-domain analytics [12], [13]
was not discussed in these prior works [7]–[10]. In this
case, additional analytic model and hardware resources
are required to perform computer-aided analysis.

In this article, we present a CS-based tri-mode engine
for real-time compressed analytic (CA). The role of the
proposed tri-mode engine is illustrated in Fig. 2. The proposed
engine can support classification, on-demand reconstruction,
and reconstruction tasks. We adopt the concept of hardware
sharing to realize signal reconstruction and classification.
Besides, to avoid the effort of reconstructing those normal
signals, we develop an effective mechanism that can identify
those high-risk signals. The main contributions of this article
are as follows.

1) Support of Signal Reconstruction Without Knowing the
Information of Signal Sparsity: For those matching
pursuit-based sparse coding algorithms, the signal spar-
sity has to be carefully chosen to reconstruct the phys-
iological signals accurately. However, the level of the
signal sparsity cannot be ensured in real applications.
In this work, we adopt a gradient descent-based sparse
coding algorithm, fast iterative shrinkage-thresholding
algorithm (FISTA) [14]. Therefore, we can reconstruct
and classify the signals without knowing the information
of signal sparsity.

2) Design of Hardware Sharing Compressed Analytic
Engine: In this work, we design a full-digital CS engine
that integrates both compressed analytics (CA) and sig-
nal reconstruction. To avoid additional machine learning
hardware for classification, we explore the similar math-
ematics and design a hardware sharing architecture of
signal reconstruction and classification. Therefore, this

engine can realize low-complexity CA with negligible
hardware costs for classification.

3) Tri-Mode Operation in One Chip: In prior CS-based
reconstruction chip designs, they can merely perform
full reconstruction on every compressed signal. In this
work, we design a tri-mode engine that can realize clas-
sification (CLF), reconstruction (REC), and on-demand
reconstruction (OD-REC) in a hardware sharing man-
ner. By adopting on-demand reconstruction (OD-REC),
the engine will classify the received signals in the
compressed-domain first, particularly focusing on parox-
ysmal AF detection, and automatically reconstruct those
high-risk signals only. Hence, the engine provides more
comprehensive functionalities for medical telemonitor-
ing applications.

The proposed tri-mode CA engine is fabricated in 40-nm
CMOS technology. By adopting on-demand reconstruction,
the measurement results show that this engine achieves
3.22-to-67.57× area-energy efficiency (AEE) enhancement
compared with the prior works [7]–[10].

The rest of this article is organized as follows. Section II
gives the background of CS, including sparse coding algo-
rithms, dictionary learning methods, and an overview of CA.
In Section III, we present the framework of tri-mode com-
pressed analytic engine. The hardware architecture of this chip
is introduced in Section IV. In Section V, we show the chip
implementation, measurement results, and discussions. Finally,
we conclude this article in Section VI.

II. BACKGROUND

A. Compressive Sensing

Assume that the original signal x ∈ R
N has a sparse

representation with respect to the basis � as

x = �α (1)

where � ∈ R
N×d is known as a dictionary which represents

the sparse domain. α ∈ R
d is called a K-sparse vector if it has

only K non-zero components.
In CS encoding, the original signal x will be spread out

to a smaller number of measurements x̂ through a random
measurement matrix �. The sampling matrix can be randomly
picked if the entries of the sampling matrix are incoherent with
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the basis �. Combining (1), it can be formulated as

x̂ = �x = ��α (2)

where x̂ ∈ R
M and � ∈ R

M×N (M < N). The compression
ratio (CR) of the CS-based system is defined as (M/N). In this
work, we apply a random Bernoulli matrix as the measurement
matrix (M = 128 and N = 512).

For CS reconstruction, the receiver will reconstruct the
received measurements x̂ by finding the sparse solution α via
reconstruction algorithms. After that, the reconstructed signal
can be calculated by

x̃ = �α (3)

where x̃ is the reconstructed signal and has the same dimen-
sion as the original signal x.

Algorithm 1 FISTA

Input: Received signals: x̂ ∈ R
M, Dictionary: θ ∈ R

M×d

Initial sparse coefficient: α0 ∈ R
d

Maximum iterations: T
Output: Sparse coefficient: βT
1: κ1← 1,α1 ← α0,β1← α0
2: for (t = 1 to T) do
3: Calculate the gradient:

∇α f (αt ) = θT θαt − θT x̂

4: Shrinkage Operator:
β t+1 = Sλη(αt − η∇α f (αt ))

5: Update with momentum:

κt+1 =
1+

√
1+ 4κ2

t

2

αt+1 = β t+1 +
κt − 1

κt+1
(β t+1 − β t )

6: end for
7: return βT

B. Sparse Coding Algorithms

Many sparse coding algorithms have been proposed which
can be applied to solve the sparse coefficient α in (2) [15].
However, not all of them are suitable for real-time telemonitor-
ing tasks or hardware implementation. In [16], it is shown that
those gradient-based reconstruction algorithms can achieve
higher reconstruction quality with less computational complex-
ity compared to the matching pursuit based algorithms. Due
to the better reconstruction quality and higher model general-
ization, we adopt FISTA [14] to solve the sparse coefficient
α in this work. The procedure of FISTA is summarized in
Algorithm 1. From Algorithm 1, it can be observed that there
are several benefits as follows.

1) Signal sparsity information is not required.
2) No inverse computation.
3) Accelerate the speed of computation by pre-computing

matrices.

Therefore, we can reduce the complexity for the sparse coding
operation with FISTA. Furthermore, in contrast to demonstrat-
ing an algorithmic framework, such as [14], we proposed a tri-
mode CA engine with FISTA as the sparse coding algorithm
to realize AF-detection tasks under CS scheme and focus on
high-risk signal reconstruction.

C. Dictionary Learning

Dictionary learning can be considered as to explore the
essence of the data, which is important in the domains of
pattern recognition and medical diagnosis. By applying the
dictionary learning methods [17]–[19], the learned dictionaries
are more adaptive to different data distribution and the size of
the learned dictionaries are usually more flexible. Besides, for
most physiological signals, they are not sparse in the time
domain which leads to the failure of CS decoding. Hence,
we utilize dictionary learning techniques and transform these
physiological signals to a proper domain or discriminative
space for better performance in reconstruction and classifi-
cation tasks [20].

D. Compressed Analytics

To realize lightweight signal monitoring systems, com-
pressed analytic (CA) directly performs the classification in
the compressed domain which reduce the memory overhead
and computational cost [21]. It has several advantages as
follows [22]–[25],

1) Realize the classification without the energy-consuming
reconstruction of received signals.

2) Compression technique, especially compressed sens-
ing (CS), can be considered as a simple and efficient
dimension reduction technique.

Therefore, we present the compressed analytic framework
with on-demand reconstruction and explore the potential of
hardware sharing in the following section.

III. PROPOSED TRI-MODE COMPRESSED

ANALYTIC FRAMEWORK

In this section, we present the compressed analytic frame-
work for tri-mode: classification (CLF) mode, reconstruction
(REC) mode, and on-demand reconstruction (OD-REC) mode.
Fig. 3 illustrates the procedure of the tri-mode framework.
Assume a compressed signal x̂ is received, users may select
either classification, reconstruction, or on-demand reconstruc-
tion mode according to their scenarios.

1) Classification Mode: For those users that select classifi-
cation mode, the proposed framework will only perform
compressed-domain analytics to see if the received sig-
nal is a high-risk signal. Hence, it does not require any
energy-consuming signal reconstruction. The procedure
is illustrated in Fig. 3(a).

2) Reconstruction Mode: Fig. 3(b) shows the procedure of
the signal reconstruction in reconstruction mode which
is the same as in prior CS-based reconstruction engines
[7]–[10]. We find the sparse coefficient and reconstruct
the signals.
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Fig. 3. Proposed tri-mode CA framework. (a) Classification (CLF) mode.
(b) Reconstruction (REC) mode. (c) On-demand reconstruction (OD-REC)
mode.

3) On-Demand Reconstruction Mode: To deal with occa-
sional events, such as paroxysmal AF, we show the
procedure of on-demand reconstruction in Fig. 3(c). First
of all, we identify those high-risk signals. After that,
only those high-risk signals will be reconstructed.

To share the hardware resource for both classification and
reconstruction, we explore the similar characteristic in the pro-
cedure of signal classification and reconstruction. The details
of the framework are presented in the following sections.

A. Classification: Identify the High-Risk Signals in
the Compressed Domain

First of all, we present a sparse coding based classifier
to explore the hidden meaning of the signals from the
compressed domain. Here, we adopt task-driven dictionary
learning (TDDL) [26] algorithm to create the sparse coding
based classifier W and its corresponding dictionary Dclass.
To classify the signal from the compressed domain, the dic-
tionary Dclass should be first transformed into another space
where the compressed signal x̂ has sparsity. The transformed
dictionary θ class is defined as

θ class = � · Dclass. (4)

After the transformed dictionary θ class is obtained, we can now
compute the predictive sparse coefficient αclass by

αclass = argmin
α∈Rdclass

1

2
‖x̂ − θ classα‖22 + λclass‖α‖1. (5)

In this work, we adopt FISTA to find out the sparse vec-
tor αclass in (5). First of all, the gradient of the (5) is

computed by

�α f(α) � �α
1

2
‖x̂ − θclassα‖22

= θT
classθ classα − θT

class x̂. (6)

Next, the value of the updated sparse coefficient αt is
shrunk by the specific threshold λη through shrinkage operator
(step 4 in Algorithm 1). At last, gradient descent with momen-
tum is applied to accelerate the convergence speed.

Since the dictionary θ is fixed in each iteration, matrices
such as θT θ , θT x̂ can be pre-computed only once at the
beginning of the procedure. Hence, we can store these matrices
and reuse them to avoid unnecessary computation on these
same matrices.

After that, we can classify the received signals by multi-
plying αclass with the classifier W T . The predicted label is
computed by

Predicted label ≡ argmax (W T αclass) (7)

where the classifier W T ∈ R
number of classes×d and the pre-

dicted label is the class with the highest value of W T αclass.

B. Reconstruction: Reconstruct the Signal and Explore the
Potential of Hardware Sharing Property

In this section, we present the procedure of signal recon-
struction. For those signals that should be reconstructed,
the sparse coefficient αrec is computed first by following
optimization function through FISTA

αrec = argmin
α∈Rdrec

1

2
‖x̂ − θ recα‖22 + λrec‖α‖1. (8)

After we obtain the sparse coefficient αrec, we can recon-
struct the signal by (3). From (8), it can be observed that
the equation is similar to (5). Both of the reconstruction stage
and the classification stage require sparse coding process using
FISTA. For classification, θ class is applied in the procedure
of FISTA in order to obtain the predictive sparse coefficient
αclass. While for reconstruction, θ rec is applied. Therefore, both
αclass or αrec can be solved by using the same hardware with
a proper dictionary θ . The design of the hardware architecture
is presented in Section IV.

C. On-Demand Reconstruction: Only Reconstruct
the High-Risk Signals

Since we are interested in those high-risk signals in
most cases, such as paroxysmal AF, we propose on-demand
reconstruction to avoid unnecessary computation of those
reconstruction-free signals. First of all, we classify the received
signals in the compressed domain by computing (5) and (7).
After that, only those high-risk signals will be reconstructed
by performing the energy exhausting computation of (8) due
to the larger size of dictionary θ rec.
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Fig. 4. Proposed system architecture of the tri-mode compressed analytic
engine.

D. Model Training With TDDL

To train the model, we apply 2500 samples of normal
ECG signals and AF ECG signals respectively. Let X ∈
R

N×5000 denote the training data and y ∈ R
5000 denote the

corresponding labels. While xi and yi are the i th sample of
X and y. The optimization function of TDDL can be written as

(Dclass, W) = argmin
D,W

fc(D, W, λclass). (9)

The equation of fc is defined as

fc(D, W , λclass) � 1

n

n∑
i=1

�c(yi , W,αi )+ υ

2
‖W‖2F (10)

where αi = α(xi , D, λclass) which is defined in (5). �c can be
any supervised loss function, such as a square loss or logistic
regression loss, while υ is the regularization term. The core
concept of the TDDL is to optimize Dclass and W simultane-
ously. Hence, by optimizing (9), we can obtain the transformed
dictionary θ class and the classifier W .

IV. ARCHITECTURE AND OPTIMIZATIONS

In this section, we present the architectural design of
the proposed CS-based tri-mode compressed analytic engine
which is illustrated in Fig. 4. The proposed engine mainly
consists of SRAM banks, a multiplier tree, and a shrinkage
operator. The proposed engine can either conduct classification
tasks, reconstruction tasks or on-demand reconstruction tasks.
The optimizations of the proposed design are presented as
follows.

A. Acceleration of Sparse Coding Computation

Since both of the reconstruction stage and classification
stage require sparse coding computation, it is desirable to
accelerate the speed of sparse coding computation. From
Algorithm 1, it can be observed that θT θ and θT x̂ are fixed
in each iteration of the sparse coding process. Therefore,
as illustrated in Fig. 5, these matrices can be stored into
the SRAM banks in order to avoid unnecessary computation

Fig. 5. Acceleration of sparse coding computation.

Fig. 6. Architecture of memory control.

Fig. 7. Architecture of shrinkage operator.

on the same matrices. The computation complexity can be
approximately reduced to O(Md2+Md+d+T(d2+10d)) from
O(T(Md2+Md+d+d2+10d)). Therefore, it can reduce about
95.1%, 96.7%, and 95.2% of the computational complexity for
CLF, REC, and OD-REC, respectively. For the step size κ in
Algorithm 1, line 5 (update with momentum), we can compute
the step size off-line since the new step size is derived from
its previous one. In this way, there is no need to compute the
division and the square root in Algorithm 1, line 5.

B. Optimizations for Hardware Sharing

To realize classification, reconstruction, and on-demand
reconstruction tasks in the same engine, we utilize the concept
of hardware sharing in our proposed tri-mode compressed
analytic engine. Since both of the classification tasks and
reconstruction tasks require FISTA to solve the sparse coef-
ficient α, the control unit in Fig. 4 should be carefully
designed. First of all, the control unit should choose the right
dictionary in order to solve the sparse coefficient correctly.
As illustrated in Fig. 6, the matrices of θT

classθ class and θT
class

are read from SRAM banks in order to compute the predictive
sparse coefficient αclass in CLF mode. The data format of
each element is 14-bit fixed-point. Similarly, the matrices of
θT

recθ rec and θT
rec are read from SRAM banks in REC mode.
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Fig. 8. Architecture mapping of each operation process. (a) FISTA gradient descent. (b) FISTA soft-thresholding. (c) FISTA momentum updating. (d) Predict
the label with classifier.

While in the OD-REC mode, θT
classθ class and θT

class are read
from SRAM banks first. After that, the classifier W is read
from the SRAM bank to identify if the signal should be further
reconstructed. To perform the matrix-vector computation of
sparse coefficient, 10 elements are read from the SRAM bank
at a time. After that, we can compute either αclass or αrec with
the same hardware architecture. The details of the architectural
mapping are presented in Section IV-D.

C. Shrinkage Operator

In the procedure of FISTA, it requires to shrink the value
of the sparse coefficients with a given threshold. The equation
of the shrinkage operator STHR(input) is equivalent to

max(0, input − THR)+min(0, input + THR)

= sign(input) ·max(0, |input| − THR). (11)

Therefore, instead of conducting two comparisons between
the threshold and the shrunk-value, the first stage of the
shrinkage operator is to flip the 32-bit fixed-point input value
to the positive side. Fig. 7 illustrated the architecture of the
shrinkage operator. After that, the absolute value of the input
is then shrunk by the specific threshold. The last stage of the
shrinkage operator is to flip the shrunk-value back according to
the sign of the original input. The main benefit of flipping the
input value to the positive side in the beginning is that it only
requires one adder and three multiplexers. Hence, it leverages
the demands of hardware resources.

D. Architecture Mapping of Each Operation Process

As shown in Fig. 8, we illustrate the architecture mapping
of each operation process in FISTA and the model inference
from TDDL. Fig. 8(a) shows the first step (gradient descent)
of FISTA. The gradient can be formulated as ∇α f (αt ) =
θT θαt −θT x̂. Either θT θαt or θT x̂ requires the matrix-vector
computation. In our design, the multiplier tree can perform
ten groups of the values at a clock cycle. Hence, ten values
of the dictionary (θT θ, θ ), with 14-bit fixed-point for each
value, are read from the SRAM bank. Also, ten values of
the sparse coefficient αt or received signal x̂, with 32-bit
fixed-point for each value, are carefully chosen to perform the
gradient descent computation. Overall, the gradient descent
costs ((d×M)/10)+ ((d× d× T)/10) of clock cycles.

After that, we subtract the gradient ∇α stored in the tmp
register from the sparse coefficient αt . The shrunk value is
then computed by shrinkage operator. The data path of the
shrinkage operation is shown in Fig. 8(b). The shrinkage
operation is performed in an element-wise manner. Therefore,
the cost of the clock cycles in shrinkage operation is equal to
the dimension of the sparse coefficient α. Finally, the last step
of FISTA is to perform the gradient descent with momentum.
The data path is shown in Fig. 8(c). First of all, the value
of βt+1 is subtracted by βt in the previous iteration and
multiplied by the pre-computed coefficient κ . That is, m =
κ(β t+1−β t ). After that, the updated value αt+1 is calculated
by the addition between the β t+1 and m. Since both of the
addition and the subtraction are performed in an element-wise
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Fig. 9. Required cycles for reconstruction and on-demand reconstruction.

manner, it costs 2d of the clock cycles in momentum updating
operation.

For classification tasks, we can classify the signals by
adopting (7). The architecture mapping of (7) is illustrated
in Fig. 8(d). Since W T αclass requires the matrix-vector oper-
ation, ten elements of the classifier W are read from the
SRAM bank and 10 elements of the predictive sparse coef-
ficient αclass are chosen to perform (7) at a time. Totally,
it costs [((number of classes)× d)/10] of the clock cycles.
After calculating the probability of each class, the predicted
label is determined by choosing the class with the biggest
probability.

E. Analysis of Tri-Mode Architecture

In this section, we analyze the trade-offs of implementing
CA and signal reconstruction in the proposed tri-mode archi-
tecture. First of all, 71 KB of the elements (θT

recθ rec, θ rec)
have to be stored for signal reconstruction. On the other hand,
to realize CA in CLF and OD-REC mode, it requires additional
SRAMs (39.34 KB) to store the dictionary θT

classθclass, θ class
and the classifier W .

However, with the assistance of CA, we can focus on
high-risk signal reconstruction and save energy for those
reconstruction-free signals. We measured the required cycles
for full-reconstruction (REC) and the proposed on-demand
reconstruction (OD-REC), respectively, with 1000 samples
of the ECG signals (AF ratio = 0.1) in Fig. 9. With the
proposed optimization techniques, the required cycles can
be reduced by approximately 59%. Though the proposed
framework requires additional computational overhead for
CLF (33.7M cycles/1000 samples), we can avoid 90% of
signal reconstruction for normal ECG signals. Furthermore,
compared with conventional REC, we can also detect if the
received signals contain the symptoms of diseases, such as AF
symptoms.

V. CHIP IMPLEMENTATION AND MEASUREMENT RESULTS

This tri-mode compressed analytic engine is fabricated in a
40-nm 1P9M CMOS technology using a standard-cell-based
design flow. The chip micrograph and summary are shown
in Fig. 10. Due to the high leakage power of the ON-chip
memory, the chip is synthesized with high-threshold (HVT)

Fig. 10. Chip micrograph.

Fig. 11. Shmoo plot of the tri-mode compressed analytic engine.

Fig. 12. Power consumption and clock frequency at different core voltages.

standard cells only. The die area of this engine is
1.55 × 1.55 mm2. Referred to [7], [9], we apply 32-bit fixed-
point as the data format of the input signals and output signals.
Totally, this engine has 128 pins including 51 power pads.
The I/O domains have a constant supply voltage of 2.5 V. The
supply voltage of the logic and memory domains is 0.9 V.
Fig. 11 shows the chip measurement results and it can be
observed that the chip is well-functioned from 0.8 V to 1.1 V.
As shown in Fig. 12, the chip dissipates from 13.89 mW to
53.8 mW, and the measured minimum energy point (MEP) is
15.6 mW at 90 MHz under 0.8 V.
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TABLE I

ACCURACY OF AF DETECTION UNDER DIFFERENT AF RATIO

TABLE II

ENERGY EFFICIENCY UNDER DIFFERENT AF RATIO

A. Measurement Results

In this work, we apply the AF detection task and consider
those ECG signals during AF as high-risk signals that should
be further reconstructed. The original ECG time-series signal
is segmented into several N = 512-point samples without
overlapping. After that, we apply random projection in CS on
each sample to obtain the compressively-sensed ECG signal
with measurement length M = 128 using a random Bernoulli
matrix from a uniform distribution U(+1, −1). The tri-mode
CS engine can support reconstruction (REC) tasks, classifica-
tion (CLF) tasks, and on-demand reconstruction (OD-REC)
tasks after receiving the compressively-sensed ECG signal.
We present the measurement results are as follows.

1) Reconstruction Mode (REC): First of all, we demon-
strate the reconstruction performance of reconstruction
(REC) tasks. Raw ECG signals were recorded from the
intensive care unit (ICU) of stroke in National Taiwan
University Hospital (NTUH). The dimension of the
raw ECG signals is 512. Average reconstruction quality
of 1000 samples is obtained. To measure if the signal
is well-reconstructed, we employ percentage root-mean-
square difference (PRD) which is defined in [27] as

PRD ≡ ‖x − x̃‖22
‖x‖22

× 100% (12)

where x is the original signal and x̃ is the reconstructed
signal. The reconstruction quality is acceptable if its
PRD value is smaller than 9% [27]. Therefore, the recon-
struction quality is higher when the PRD value is lower.
Since the ECG signals during AF are different from the
signals with NSR, we also evaluate the reconstruction
quality of the ECG signals during AF. The PRD value is
measured at the data format of 32-bit fixed-point for raw
signals and compressed signals while 14-bit fixed-point
for reconstruction dictionaries. Fig. 13(a) presents the
reconstruction quality with respect to the CR that ranges
from 0.2 to 0.5 and the AF ratio ranges from 0% to 20%.

Fig. 13. (a) PRD performance under different CR and AF ratio. (b) Recon-
structed signals under different CR.

It can be observed that the reconstruction quality is
slightly better when the AF ratio is lower. We also show
the reconstructed ECG signals in Fig. 13(b). Since the
power consumption is lower at the sensor node when the
CR is lower, we set the CR as 0.25 while maintaining
the reconstruction quality.

2) Classification Mode (CLF): To measure the accu-
racy and sensitivity of AF-detection tasks, we apply
1000 ECG samples with the AF ratio ranges from
0% to 20%. During the CLF mode, we perform the AF
detection in the compressed domain and the CR is fixed
at 0.25. As shown in Table I, the average value of the
accuracy in the AF detection task is over 93% and the
sensitivity is over 91%.

3) On-Demand Reconstruction Mode (OD-REC): During
the OD-REC mode, the engine is operated in the CLF
mode first to identify the ECG signals with AF symp-
toms. After that, the engine is switched to REC mode
if the received signal is classified as an AF ECG signal
that should be further reconstructed. In this case, we can
focus on high-risk signal reconstruction.
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TABLE III

COMPARISON WITH THE STATE-OF-THE-ART DESIGNS

Table II shows the energy efficiency of the proposed tri-
mode CS engine. The energy efficiency of CLF, REC and
OD-REC mode is measured at MEP. The energy efficiency is
51.6 nJ/sample for CLF mode while the energy efficiency is
165.6 nJ/sample for REC mode. Since some high-risk signals
should be further reconstructed in OD-REC mode, the energy
efficiency ranges from 52.0 to 64.6 nJ/sample according to
different AF ratio. As expected, the energy efficiency of CLF
and OD-REC mode at 0% of the AF ratio should be similar
since there are no high-risk signals should be reconstructed.

B. Comparison With the State-of-the-Art Designs

Table III shows the performance comparison with state-of-
the-art designs [7]–[10]. In prior works, they can only realize
signal reconstruction (REC). On the other hand, the proposed
engine can perform both signal analytics and reconstruction
(REC, CLF, and OD-REC). Besides, to reduce the energy
consumption of sensor nodes, a lower value of the CR is
desired (M/N). The proposed engine can support the ECG
signal reconstruction with a CR of 0.25. We consider the
performance in terms of area and energy efficiency. The AEE
is defined as

AEE = 1

area(mm2)× energy efficiency (uJ/sample)
. (13)

1) Related Works: The chip reported in [7] adopt OMP
algorithm achieve 1.19 (1/(mm2 × uJ/sample)) of the
AEE in CS reconstruction tasks. In the chip design
of [8], it can rescue the missing indices in the recon-
struction process via vOMMP algorithm. It provides
24.92 (1/(mm2 × uJ/sample)) of the AEE. In the
work of [9], SE-SP algorithm is proposed which can
support robust signal reconstruction with an AEE of
7.12 (1/(mm2 × uJ/sample)) under noisy conditions.

The chip design proposed in [10] adopts ADMM algo-
rithm which shows 10.32 (1/(mm2 × uJ/sample)) of the
AEE. However, none of these prior works deal with
computer-aided analysis and on-demand reconstruction.

2) Proposed Engine: In this work, we realize classifi-
cation (CLF), reconstruction (REC), and on-demand
reconstruction (OD-REC) in a hardware sharing man-
ner which provides the benefit of high AEE for the
chip design. The proposed tri-mode compressed ana-
lytic engine achieves 25.24 (1/(mm2 × uJ/sample))
of the AEE in REC mode. Besides, the AEE can
be further enhanced from 25.24 to 80.42-to-64.73
(1/(mm2 × uJ/sample)) depends on the high-risk signal
ratio by adopting OD-REC. The improvement is due
to the proposed low-complexity CA which achieves
80.92 (1/(mm2 × uJ/sample)) of the AEE. More-
over, the proposed engine can avoid unnecessary
signal reconstruction since most of the signals are
reconstruction-free.

Overall, although it requires additional SRAMs (39.34 KB)
to realize CA, this engine can support real-time AF-detection
and is 3.22-to-67.57× better in consideration of both area and
energy efficiency compared with the state-of-art designs.

VI. CONCLUSION

This article presents an area-energy efficient tri-mode
compressed analytic engine that is fabricated in 40-nm
CMOS technology. To avoid the energy consumption of
reconstruction-free signals, we apply on-demand reconstruc-
tion in this engine. Though we validate the proposed engine
with AF-detection tasks, the proposed framework can be
extended to other bio-applications to focus on high-risk
signals. The AEE of this engine is further enhanced with
3.22-to-67.57× better compared with state-of-the-art designs.
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Therefore, the 2.41-mm2 tri-mode CS engine can provide
more comprehensive functionalities, but is more lightweight
for wireless healthcare monitoring.
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