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Abstract—Compressive sensing is a novel signal processing 
technique that addresses the energy and telemetry constraints in 
Wireless Body Area Network. However, common analytical basis 
cannot sparsify the electrocardiography signal well, and causes 
performance degradation in compressive sensing reconstruction. 
In this paper, we apply dictionary learning to construct the 
personalized basis for compressive sensing reconstruction. The 
results show that the proposed personalized basis improves the 
compression ratio by 2.11x compared with existing works. 
Moreover, considering the change of signal characteristic, we 
propose the physiological variation detection technique to 
maintain high compression ratio. 
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I.  INTRODUCTION 
 The demand for home care is increasing with the rise of 
aging population and chronic diseases. Telemonitoring 
integrated with Wireless Body Area Network (WBAN) has a 
great potential in fostering the provision of wireless healthcare 
system. However, the portable wireless healthcare system is 
facing the problems of limited battery life and limited 
bandwidth. For these wireless sensors, most of the energy is 
dissipated during data transmission. To save transmitting 
power and reduce data rate, data compression techniques of 
physiological parameters have been extensively researched. 
However, all the traditional measured-and-compressed 
techniques dissipate a lot of energy due to high computational 
complexity of compression and this constitutes a critical 
drawback, stressing the need for new compression techniques. 

Compressive sensing (CS) is an emerging signal processing 
technique that addresses the energy and telemetry constraints 
by combining sampling with compressing [1]. Fig. 1 shows the 
system flow of compressive sensing for electrocardiography 
(ECG) compression. The CS-based sensor samples and 
compresses the ECG signal before transmission and the 
received signal is recovered by a CS reconstruction algorithm. 
Reference [2] shows that the CS-based biosensor can address 
the energy cost of wireless transmission without additional 
compression unit, which saves hardware cost and power 
dissipation of compression.  

Compressive sensing lays its theoretical foundation on the 
sparse feature of nature signals. The signal to be compressed 
needs to be sparse in certain basis so that it can be recovered by 
CS reconstruction algorithms. If the sparsity, number of 
nonzero terms in the basis, of signal is not small enough, the 
compression ratio must be loosened to retain the recovery 
quality. Previous works on CS-based ECG compression 

techniques utilize pre-defined analytical basis like discrete 
wavelet transform (DWT) [3] as the sparsifying basis. However, 
the DWT basis cannot sparsify the ECG signal well, which 
causes higher sparsity and worsen compression ratio.  

In this work, we consider the uniqueness of human 
physiological characteristic and exploit the dictionary learning 
(DL) technique to personalize the sparsifying basis for each 
patient. Dictionary learning can adaptively learn the sparsifying 
basis, which enabled it to achieve lower sparsity [4] and better 
compression ratio for ECG signal. Moreover, considering that 
the human physiological characteristic may change with time, 
we propose the physiological variation detection (PVD) 
technique to detect the change of patients’ ECG signal 
characteristic. If PVD detect any change of signal characteristic, 
new ECG signal will be inputted to update the dictionary. With 
the help of personalized basis, the compression ratio of the 
proposed method is 2.11x better than DWT basis. Under long-
term ECG monitoring, the compression ratio of the proposed 
method can be maintained with proposed dictionary refreshing 
technique. 

This paper is organized as follows. Section II will give an 
overview of related works on CS-based ECG compression. In 
Section III, we introduce the proposed CS-based ECG 
compression with dictionary learning and the proposed 
physiological variation detection technique. The simulation 
results are discussed in Section IV. Finally, we give a 
conclusion in Section V. 

 

II. CS-BASED ECG COMPRESSION 
Compressive sensing can measure signals with fewer 

samples than Nyquist rate sampling, and recover the original 
signal from these few samples. As shown in Fig. 2, we can 
model compressive sensing in matrix formation as 

1 1 1M M N N M N N P P× × × × × ×y =Φ x =Φ Ψ s ,
 

(1) 

where   ×  is input vector with higher dimension N,   ×  is 
sampling matrix,   ×  is measurement vector after sampling,   ×  is sparsifying basis for the input vector, and   ×  is the 
corresponding sparse coefficient vector. Sparsity, K, is defined 
by the number of nonzero terms in   × , where low sparsity 
means only few elements in the input signal are nonzero and 

Fig. 1. System flow of compressive sensing for ECG compression. 
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vice versa. The reconstruction problem in compressive sensing 
is an underdetermined question and the solution can be 
obtained by solving the l1 minimization problem as 

1 1min . . , : i
i

s t x   = ∑x
x Φx = y x .

 (2) 

To reconstruct the signal by (2), the measurement size M must 
be larger than  (    ( / ))  [1]. In other words, if the 
sparsity K increases, the measurement size M becomes larger in 
order to guarantee the correctness of reconstruction. Hence, 
finding a proper sparse representation Ψ for input signal is an 
important issue. A proper sparse representation can reduce the 
value of K and improve the compression ratio (CR) [3] which 
is defined as 

 (%) 100N MCR
N
−

= × . (3) 

 In [3], the DWT basis is selected as the sparsifying basis  . 
The result shows that the CS-based compression technique 
with DWT basis can achieve lower power consumption than 
conventional methods. However, the compression ratio of CS-
based method is inferior to conventional methods. 

 

III. PROPOSED CS-BASED ECG COMPRESSION SYSTEM 
WITH DICTIONARY LEARNING 

A. Overview of the Proposed CS-based ECG Compression 
System 
Since the DWT basis cannot sparsify the ECG signals well, 

we introduce the dictionary learning technique to construct a 
better sparsifying basis to improve compression ratio. 
Moreover, we consider the change of ECG signal 
characteristic, and propose the PVD technique and the low-
complexity dictionary refreshing algorithm to update the 
dictionary timely when current dictionary is no longer suitable 
for the patient. The proposed CS-based ECG compression 
system is shown in Fig. 3. In Phase 1, we will use an hour of 
ECG data from the patient as the training set, and apply 
dictionary learning to construct the personalized basis. In 
Phase 2, PVD is applied for detecting the change in ECG 
characteristic. If any change is detected, the dictionary 
refreshing block will be activated and the ECG data in the last 
hour will be used to update the dictionary. 

 
B. Dictionary Learning for CS-based ECG Compression with 

EMD Preprocessing 
 Dictionary learning is a novel technique to find sparse 
representations of signals. The matrix formation of dictionary 
learning is shown in Fig. 4. Let  = [  …  ] ∈ ℝ ×  be the 
set of N-dimensional training ECG signal samples and  ∈ ℝ ×  be the overcomplete dictionary, which contains P 
prototype signal-atoms for columns. The dictionary can be 
obtained by solving the following optimization problem: 

2
0,

min . .  ,i thrF s t K i  ≤ ∀
Ψ C

T -ΨC c
 

(4) 

where  ∈ ℝ ×  denotes the sparse coefficient matrix of input 
signal  , and      denotes the predefined sparsity constraint, 
and  ‖∙‖   is the Frobenius norm.  

 The method of optimal directions (MOD) [5] is a well-
known dictionary learning algorithm. It splits the optimization 
problem in (4) into two parts, sparse coding stage and 
dictionary updating stage, which are alternately solved within 
an iterative loop. In the sparse coding stage, where   is fixed, 
the coefficient matrix C is calculated by the sparse coding 
algorithm, order recursive matching pursuit (ORMP) [6]. In 
the dictionary updating stage, where the coefficient matrix C 
is fixed, the dictionary matrix   is obtained by 

-1T TΨ = TC (CC ) . 
(5) 

 In real environment, ECG recordings are often corrupted 
by high frequency noise and baseline wandering. Hence, the 
ECG data should be preprocessed before training. We apply 
the EMD denoising methods [7] for training data 
preprocessing since it shows good performance in high-
frequency noise and baseline wandering removal. The EMD 
denoising method remove the lower-order IMFs to remove the 
high-frequency noise, while preserving the high-frequency 
QRS complex by windowing. 

In Phase 1 of the proposed system, we first apply EMD 
denoisinng for training data preprocessing. Then, we construct 
the personalized dictionary basis   by MOD. With this 
personalized basis, we apply the l1 minimization based 
reconstruction algorithm, basis pursuit (BP) [8], to recover the 
original signal. The result shows that the personalized basis 
can achieve lower sparsity than the DWT basis [3], which 
improves the compression ratio by 2.11x. 

 
Fig. 2. Matrix formation of CS. 

Fig. 3. Proposed CS-based ECG compression system with dictionary 
refreshing 



 
C. Phyiological Variation Detection and Dictionary 

Refreshing 
 In real life, patients may get chronic diseases like 
arteriosclerosis and cardiomyopathy which change the 
characteristic of his/her physiological signal. Even if the patient 
does not get the aforementioned diseases, aging may also cause 
the change in physiological signal. In Fig. 5, the real ECG 
signal waveform of a patient is shown. We can observe that the 
ECG signal characteristic in Jan. 14th, 2013 is different from 
the characteristic in Feb. 22nd, 2013. As the characteristic of the 
ECG signal changes, the dictionary cannot sparsify the signal 
well. This will cause an increase in sparsity and compressing 
performance degradation. To retain the dictionary being 
suitable, the dictionary should be refreshed when the 
physiological characteristic changes. 

 To verify that the signal characteristic is correlated to 
sparsity, we cascade the four-day ECG data of Jan. 14th, Jan. 
16th, Feb. 22th, Feb. 25th from the same patient as the input of 
CS-based ECG compression system. Then, we analyze the 
change of sparsity. As shown in Fig. 6, the sparsity retains low 
in January because the signal characteristic is stable within 
several days. However, the sparsity becomes larger in February 
since the signal characteristic has changed. Hence, we can 
conjecture that the increment of sparsity implies the change of 
ECG characteristic and that the dictionary requires refreshing 
when the sparsity increases. 

Based on previous discussion, the proposed PVD detects 
the variation by monitoring the sparsity of reconstructed signal. 
In Phase 2, PVD compares          (the average sparsity in the 
last hour) with K       (the average sparsity in the first hour). If          is larger than     ∙ K      , the dictionary refreshing 
block will be activated.      is the sparsity threshold which is 
set to 1.5 empirically. After detecting the change of signal 
characteristic, the new ECG signals      will be inputted for 
training. The corresponding coefficient matrix      is 
calculated by the current dictionary   and the sparse coding 
algorithm, ORMP. Then, we have 

next new next new  and        T = T T C = C C .
 

(6) 

Taking into account the new training signals, we can calculate 
the new dictionary by MOD: 

-1
next next next next next

T TΨ = T C (C C ) . 
(7) 

The result shows that after the dictionary is refreshed, the 
compression ratio can be maintained. 

 

 
IV. SIMULATION RESULTS 

A. ECG Database and Simulation Settings 
 To evaluate the performance of the considered compression 
schemes, we use the real ECG data from National Taiwan 
University Hospital (NTHU). This database contains more than 
100 patients and the data of each patient is longer than one 
hour. To quantify the compression performance and the 
recovery quality, we employ the compression ratio (CR) and 
percentage root-mean-square difference (PRD). The PRD is 
defined as 

$
2

2

 (%) 100 ,PRD
−

= ×
x x

x  
(8) 

where x is the original ECG signal and    is the recovered ECG 
signal. Table I reports the resulting different quality classes and 
their corresponding PRD [9]. 

 
 For the dictionary learning stage, the dimension of training 
vectors N is 400. The number of training vectors L is 4000. We 
execute the MOD algorithm for a total number of 40 iterations, 
and the trained dictionary contains 2N atoms. The sampling 

 
Fig. 4. Procedures of MOD dictionary learning algorithm. 

 
Fig. 5. ECG signal variation of the patient in different dates. 

 
Fig. 6. Sparsity variation of the reconstructed ECG signal. 

TABLE I.  PRD AND CORRESPONDING QUALITY CLASS [9] 

PRD Reconstructed Signal Quality 

0~2% “Very good” quality 

2~9% “Very good” or “good” quality ≥9% Not possible to determine the quality group 
 



matrix   is random Gaussian matrix with columns normalized 
to 1. The proposed system is evaluated by approximately an 
hour of ECG data that are not included in the training set but 
belong to the same record as the one used for training. 

B. Recovery performance analysis 
First, we set CR to 75% and compare the recovered ECG 

segments by DWT basis and the proposed personalized basis. 
The results in Fig. 7 show that the DWT basis [3] reconstructs 
the ECG signal with distortion while the proposed personalized 
basis can reconstruct the signal with good quality. Then, we 
modify the measurement M to observe the recovery 
performance under different compression ratio. Fig. 8 shows 
that the recovery performance of the proposed method is better 
than [3]. When PRD is 2%, the compression ratio of proposed 
method is 2.11x better than [3]. It is because that the 
personalized basis can achieve better sparsity than analytical 
basis. 

 In the second experiment, we use the ECG data in Jan. 14th, 
2013 for training the basis and use Feb. 22nd, 2013 for testing. 
Upon the first hour of Feb. 22nd, the proposed dictionary 
refreshing scheme detects the physiological variation from the 
increment of sparsity and activate the dictionary refreshing 
block. The recovery performance in Feb. 22nd is shown in Fig. 
9. The result shows that after the personalized basis is refreshed, 
the compression ratio will be 1.56x better than the system 
without refreshing at PRD of 2%. 

 

 

 

V. CONCLUSION 
We proposed a compressive sensing based ECG 

compression system with personalized basis. The proposed 
method with personalized basis has better compression ratio 
than that of the DWT basis. With dictionary refreshing, the 
compression ratio can be maintained when the signal 
characteristic changes.  
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Fig. 7. Comparison of original segment and the recovered segments. 

 
Fig. 8. Recovery performance of the proposed personalized basis. 

 
Fig. 9. Recovery performance with PVD and dictionary refreshing. 


