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Abstract 
  Compressive sensing (CS) is an emerging technique 
for measuring sparse signals at the sub-Nyquist rate. It 
enables new reduced-complexity designs for sensor 
nodes and helps reduce overall transmission power in 
wireless sensor network. For on-site analysis in E-health 
applications, mobile data aggregator that performs 
real-time signal reconstruction at the body side is 
necessary. However, with high computational 
complexity of the reconstruction algorithms, software 
solutions cannot fulfill the energy efficiency needs for 
real-time processing. As a result, CS reconstruction 
engine was proposed to bring the signal intelligence 
closer to the user for timely prediction and 
decision-making. To design a highly efficient CS 
reconstruction engine on mobile platforms, two major 
design issues should be considered, including 1) 
throughput and energy efficiency, and 2) reconstruction 
quality. In this paper, the design challenges and concepts 
of CS reconstruction engine are introduced. In addition, 
the representative related works are reviewed and 
summarized. Finally, we conclude the paper and point 
out the future works of CS reconstruction engine. 
 
1. Introduction  

With the aging of society and arising of chronic 
disease, the demands for wireless healthcare that from 
hospital-centered toward patient-centered have been 
increasing drastically. The wireless healthcare system 
needs to detect various physiological signals 
continuously and provides real-time monitoring for 
proactive prevention. However, these numerous signals 
consume large bandwidth and energy of sensors with 
very limited battery life on the body side. The radio 
frequency transmission is the most power-hungry part 
[1], as a result, it is desirable to reduce the data rate (with 
limited complexity) before data transmission.  

Faced with these challenges, compressive sensing (CS) 
[2-3] is a promising solution to deal with these problems. 
With unified random measurement matrix, CS can 
measure the high-dimensional sparse signals (length=N) 
with low dimensional measurements (length=M). 
Because sensors only transmit low-dimension 
measurements, therefore the data rates can be reduced. 
Then, the sparse reconstruction is performed in the 

 
 

Figure 1. CS-based E-health monitoring system. 
 
back-end solver which can afford higher complexity than  
the sensor nodes. By doing so, CS techniques move the 
data acquisition overheads to the receiver, and help to 
ease overall burden on wireless body sensor network. 
  As depicted in Fig. 1, a CS-based wireless health 
monitoring system includes low-cost sensors and a 
mobile data aggregator that performs real-time signal 
recovery. This aggregator can achieve timely prediction 
and proactive prevention, thus bringing the intelligence 
closer to the user [5]. Furthermore, by reconstructing 
sparse coefficient only, the data size for on-site storage 
and transmission of the cloud can be reduced. 

However, in contrast to the low-complexity of 
front-end, the reconstruction of sparse signal in back-end 
is still a crucial problem. Due to the high computational 
complexity of the reconstruction algorithms, hardware 
solutions are more suitable to fulfill the energy efficiency 
for real-time processing. To design a highly efficient CS 
reconstruction engine on mobile platforms, two major 
design issues should be considered in the following:  
� Performance and flexibility: The task of real-time 

reconstruction in a mobile device should achieve 
high throughput with low power consumption (less 
than 30mW). It is also important to have flexibility 
for different specification (N, M) of sensors.  

� Reconstruction quality: The accuracy of 
AI-assisted E-health applications mainly depend 
on the quality of signal reconstruction. But 
measurement noise during compressive sampling 
is inevitable, which may cause poor reconstruction 
quality and low convergence rate. Therefore, 
development of a measurement noise-tolerant 
reconstruction chip is desirable. 
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2. Preliminaries and design objectives 
We briefly review the background of compressive 

sensing techniques, and illustrates the design objectives 
of reconstruction engine for E-health. 

 
2.1 Compressive Sensing (CS) 

CS can be modeled in matrix form measurement y and 
random noise n with M dimension: 

 

y=Φx+n,           (1) 
 

where input x with N dimension, which can be well 
approximated by using only K nonzero coefficients. 
Sampling matrix Φ is a random matrix with K<<M<<N. 
If x is not a time-domain sparse signal, but a 
compressible signal that has a sparse representation α on 
a certain basis Ψ, the Eq. (1) can be rewritten as: 
 

y=ΦΨα+n=Θα+n.    (2) 
 

The sparse signal can be recovered even the sampling 
matrix Θ is an under-determined matrix. If the Θ satisfy 
restricted isometry property (RIP) and null space 
property (NSP) of order 2K, then the signal information 
α (in the sparse domain) can be well preserved by the 
random encoding scheme. As a result, the CS framework 
enables reduced-complexity designs of bio-sensors, since 
the complexity required from compression unit, ADC, 
and RF component is also simplified. It is also reported 
that up to 30×, 60× of data reduction are achieved at the 
sensor nodes [2-3] when applying CS to bio-sensors 
applications. 
  To reconstruct the sparse signal, one can find the least 
non-zero terms in x as follows: 
 

min ||x||0 subject to Φx=y.   (3) 
 

But this l0-problem is a non-polynomial hard (NP-hard). 
To deal with the NP hard problem, l1-norm is applied to 
replace l0-problem as follows:  
 

min ||x||1 subject to ||y-Φx||2 < ε,  (4) 
 

where ε is related to ||n||2. We can use linear 
programming to solve equation. However, the 
computational complexity is still high, which is not 
feasible for the hardware implementation.  
 
2.2 Design objectives 

To achieve timely prediction and proactive prevention, 
a mobile data aggregator needs to perform real-time 
signal reconstruction on the mobile platform. To bring 
the signal intelligence closer to the user, the main two 
design goals of the CS reconstruction engine includes the 
following:  
� Reconstruction quality: To achieve the hardware 

feasibility, some algorithms are proposed for 
low-complexity reconstruction. However, when 

the measurements are interfered by the noise 
during the CS process, the reconstruction quality 
of these algorithms is degraded drastically. 
Moreover, they suffer from low convergence rate 
when the measurement noise destroys the signal 
sparsity. To improve the reconstruction quality in 
the presence of measurement noise, robustness of 
the algorithm should be considered.    

� Throughput, energy efficiency, and flexibility: 
For real-time recovery, this data aggregator is 
desired to have a sufficient throughput for 
reconstructing more than 100KS/s of physiological 
signals. Furthermore, the power consumption of 
this reconstruction task should be minimized (less 
than 30mW of power). Then, energy efficiency 
should be optimized with the above constraints. In 
addition, for different specifications (N, M) of 
sensors, and built-in outlier detection [4], the 
supported problem size should be large and 
reconfigurable. In considering these issues, some 
efficient hardware mapping was proposed [5-8]. 

Then, we introduce the noise-tolerant reconstruction 
algorithm firstly in the next section. Besides, in terms of 
these two design objectives, several efficient CS 
reconstruction engines are reviewed.  
 

3. Hardware-friendly algorithms  
This section briefly reviews potential reconstruction 

algorithms including: approximate message passing 
(AMP), orthogonal matching pursuit (OMP), stochastic 
gradient pursuit (SGP) [5], and subspace pursuit (SP).  
� AMP is a slightly tuned version of Iterative Soft 

Thresholding (IST). In each iteration, AMP/IST 
calculate the error term and update the sparse 
solution. For the error elements that are larger than 
the threshold, the corresponding location of sparse 
solution x will be updated. The difference of them 
are estimation error, where AMP considers the 
sparsity level of the previous solution.  
 

� OMP has very simple operations, hence it is 
popular for implementing CS decoder [3-4]. As 
shown in Algorithm 1, OMP use correlation to find 
the location of nonzero terms, and the nonzero 
terms are estimated by least square (LS) process. 
Last, the residual is calculated for the next iteration. 
However, the LS estimation has the drawback of 
noise enhancement interference [5]. To handle the 
problem of noise enhancement, the MMSE 
equalizer is proposed to minimize the overall error. 

 

� SGP algorithm retains the pursuing process of 
OMP but replaces the noise enhancement of the LS 
process with gradient descent approach. The 
MMSE solution can be achieved in the long run of 
least mean square (LMS) process. Therefore, SGP 
shows better noise-tolerance performance than the 
OMP algorithm.  
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� SP: Although SGP has MMSE criterion, the 
amplitudes of the unwanted indices interfered by 
noise are no longer to be zero under noisy scenario. 
Therefore, the undesired indices degrading the 
quality of recovered signals. SP can select K-best 
non-zero term from 2K-candidates at each 
iteration, until the satisfying termination 
condition, as shown in Algorithm 2. As a result, 
it can cope with the interference from noise. 
However, it needs sparsity information, which is 
usually unavailable in E-health applications. 

 

� SESP: Sparsity-estimation subspace pursuit was 
proposed to cope with measurement noise through 
two phases. Phase-I (P1) perform blind 
reconstruction, similar to OMP. It reaches the 
maximum chosen index numbers, in order to 
obtain all potential indices. Then, it estimates the 
effective sparsity level, K. Phase-II (P2) applies SP 
with the output of P1 and the estimated K to obtain 
the K-best sparse solution. The SE-SP still 
performs blind reconstruction like OMP, but it 
possesses all of the advantages of the non-blind SP, 
such as the robustness to measurement noise. 

 

Table 1 summarizes above hardware-feasible algorithms 
in the presence of measurement noise. Note that the 
priori information is usually unavailable in practical 
applications.  
 

Table 1. Summary of reconstruction algorithms 
 Priori information Estimator 

AMP ε (noise level) Thresholder 
OMP ε (noise level) LS 
SGP ε (noise level) MMSE / LMS 
SP K (sparsity level) LS 

SE-SP - MMSE/ LMS 
 
4. Review of High-Efficiency CS Reconstruction 

Engine 
 

4.1 OMP chip design with the LDL-decomposition  

The author in [5] proposed a highly efficient CS 
reconstruction engine. First, this CS reconstruction 
engine uses the incremental Cholesky factorization to 
solve the LS problem, which reduce the complexity from 
K3 to K2, thus making the reformulated OMP algorithm 
much more suitable for an energy-efficient hardware 
implementation. Second, this chip uses 128 of 
configurable vector and scalar processing cores (VC and 
SC); for local memory access, a dedicated cache is 
assigned to each PE in the VC and the SC, respectively.  

For the LS implantation, this architecture spends 8K 
iterations for forward and backward substitution (FS and 
BS), respectively. For memory access optimization, this 
work proposed two modes mirror modes. Mirror mode 
can achieve a higher sparsity level with fewer parallel 
processing elements (PE), i.e., K=192 with 128 parallel 
PEs reported in [5]. When the memory leakage has 
significant impact on the system’s energy efficiency, 
shuffle-mode stores the LDL’ with more elegant way. It 
can achieve 2× of memory reduction compared to the 
mirror-mode, therefore 40% of power consumption can 
be reduced due to the reduced memory leakage. 

To sum up, this CS reconstruction engine can achieve 
12-to-237KS/s 12.8 mW in 40nm CMOS technology 
with large (N, M, K) up to (1024, 512, 192), which are 
fully adjustable.  

 

4.2 OMP chip implementation with the QR- 
decomposition 

The author in [6] proposes another efficient 
reconstruction engine. First, the prior probability of ECG 
sparsity in the wavelet domain is explored and trained to 
obtain the reliable indices, which improves the 
reconstruction quality and throughput rate significantly. 

This chip uses multiple-matching techniques, which 
can obtain 4 non-zero term at each iteration, therefore 
75% of iterations can be reduced. QR-decomposition is 
implemented for inverse-free LS process and 
multiple-matching techniques. But QR factorization 

────────────────────── 

Algorithm 1. OMP:  
────────────────────── 
Initialize  

while  is not satisfied 
             {find correlation} 

{index update} 
  y,     {LS estimation} 

               {residual update} 
     {iteration number increases by 1} 

end while 
return  
────────────────────── 
 

────────────────────── 

Algorithm 2. SP:  
────────────────────── 

Initialize  ,  
while  is not satisfied 

                {find correlation} 
{index update} 

y,           {LS estimation} 
  {res./sup. of last iteration} 

       
                  {residual update} 

 end while 

 
return  
────────────────────── 
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requires three times more memory for storing the 
factorization matrices, which is undesired for large 
signal dimensions. 

To sum up, this CS reconstruction engine can achieve 
228KS/s 12.2 mW in 90nm CMOS technology with 
fixed (N, M, K) = (128, 64, 48).  

 
4.3 SESP chip implementation with parallel-index 

updating architecture [8]  
When the measurement noises destroy the sparsity, 

traditional OMP algorithm without explicit noise level (ε) 
cannot stop properly. Furthermore, the throughput of 
OMP algorithm is proportional to K2, resulting in a slow 
convergence rate when the signal sparsity is destroyed. 

The author in [8] proposed a CS reconstruction engine 
with the following features. First, this chip applies SESP 
algorithms mentioned before, it always runs to the max 
iterations to obtain all potential indices. That is to say, 
this chip does not need explicit noise level (ε). Then, it 
estimates the effective sparsity level, K for robust SP 
reconstruction, which shows the robustness of CS 
reconstruction. To implement the SP algorithm, we need 
to add/estimate K indices through an LS computation in 
each iteration. Noted that above implementations of the 
inverse free-LS process require to handle matrix 
decomposition, that is to say, the chosen columns from 
sensing matrix have been factored. As a result, they 
cannot remove the chosen indices directly. 

This chip uses LMS to approximate the non-zero term 
thus achieving: 1) Speed up of the SP algorithm: it can 
add arbitrary non-zero term, Lnew≤128, at each iteration 
for SP to find a K-best solution, thus enhancing 
reconstruction quality. 2) Support of reconfigurable 
design: the line buffer-based feature of LMS is 
adjustable to arbitrary signal dimension, reaching 100% 
configurability. 3) Scalable designs: it relieves the 
limitation of global BS/FS operations. Hence, a larger 
signal sparsity level (K=256) and higher clock rates can 
be achieved in this chip. 

Furthermore, this chip proposed a parallel-estimation 
technique to enhance throughput and energy efficiency. 
Because P1 provides a sparsity-order estimation for SP 
to screen sparse solution, rather than reconstructs signals 
directly applied in [6]. Therefore, it accelerates the P1 
operation by choosing 8 indices in each iteration, which 
can improve the cycle costs by 8 times shown in Fig. 2. 
In a word, combining parallel sparsity estimation and 
Robust SP algorithm can achieve fast convergence and 
better reconstruction quality.  

To sum up, this CS reconstruction engine can achieve 
232-to 1992KS/s and 6.8-to-64.9 KS/mJ in 40nm CMOS 
technology with the largest (N, M, K, Lnew) up to (2048, 
512, 256, 128). While offering 100% flexibility to 
support arbitrary signal dimensions and robustness to 
measurement noise interference. 

   

Figure 2. Parallel SE-SP achieve fast convergence and 
better reconstruction quality under the noisy scenario. 
 
4.4 Future Works  

We present some possible researches. Because the 
long data transmission latency of cloud computing, it is 
desired to consider signal reconstruction and real-time 
diseases detection jointly at the body sides. Currently, 
after reconstructing signals, some analyses are 
performed to detect the emerging disease attacks. How to 
integrate signal reconstruction and real-time diseases 
detection with high sensitivity and specificity in a 
system-on-chip (SOC) is a critical issue for CS-assisted 
wireless healthcare systems. 
 
5. Conclusions 

This work highlight the state-of-the arts of CS 
reconstruction chips for E-health applications. The 
proposed robust reconstruction algorithm and the 
modified architecture can fit the design issues of the 
highly efficient CS reconstruction Engine on mobile 
platforms. These techniques not only provide robust and 
accurate, timely prediction for proactive prevention, but 
also achieve high throughput and energy efficiency with 
100% flexibility, which makes intelligent patient 
monitoring a reality. 
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