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ABSTRACT based on orthogonal transforms, such as Fourier, Karhunen-

A preliminary investigation of an atomic model-based algo-Loeve (KL), DCT or wavelets.
rithm for the compression of single lead ECG is presented. An excellent overview of direct and transform-based
The paper presents a novel coding scheme for ECG sidg=CG compression techniques before 1990 is reported in [1].
nals based on time-frequency atomic signal representationdZTEC, Fan/SAPA, TP, CORTES, DPCM, Peak-Picking
Signal-adaptive parametric models based on overcomple@d Cycle-to-Cycle are well-known examples of direct ECG
dictionaries of time-frequency atoms are considered. Sucgompression schemes. Regarding to transformation meth-
overcomplete expansions are here derived using the matcds, the wavelet-packet transform has received a great deal
ing pursuit algorithm. of attention over the past year (and even by now), being
The compression algorithm has been evaluated with theuccessfully applied to several problems in electrocardiol-
MIT-BIH Arrhythmia Database. Our algorithm was com- 09y, including data compression [2, 3, 4, 5, 6]. The suc-
pared with several well-known ECG compression algorithm&ess of wavelets for ECG compression is due to their time-
and was found to be superior at all tested bit rates. An avefrequency localization capability. High compression ratio are
age compression rate of approximately 140 bps (compressigiso achieved by the Karhunen-Loeve transform [7] at the ex-
ratio of about 28:1) has been achieved with a good recorPense of a meaningful computational cost.

structed signal quality (PRD of about 7 % ). Other relevant works published in last years for ECG data
compression are [8, 9, 10, 11, 12, 13, 14].
1. INTRODUCTION Recently, a ECG data compression approach based on

atomic models and matching pursuit has been proposed [15].
'A signal is decomposed into atoms that are included in an

_ . i ; Y6vercomplete dictionary. The dictionary hence can be de-
and retrieval of this data for comparison and evaluation mang«q to best match the signal structure. It is expected that

dates the need _for ECG Compression _techni_ques._ EﬁeCtinﬂe time-frequency localization capability of matching pur-
storage of ECG information is required in the intensive Coroy, it can be superior to orthogonal transforms. Furthermore,

hary care unit, or in the long-term (24-48 hours) wearable, tey waves appear during one heart-beat period in an ECG

monitoring tasks (Holter). For good diagnostic quality, eachyinal It i ted that I ber of at i
ECG lead provided by the Holter should be sampled at %Ir%g?rﬁatelihixlg((%:%ewav;o?r:sn.]a number of atoms can ap

rate of 250-500 Hz with 12 bits resolution. The informa-= " . paper, signal-adaptive parametric atomic mod-

tion rate is thus approximately 11-22 Mbits/hour/lead. If ef- 5 250 on overcomplete dictionaries of wavelet functions
ficient compression methods are employed, memory requirg, e o156 heen applied to ECG waveform compression. Such
ments may drastically drop to make the monitoring device, o ompjete expansions are derived using the matching pur-
commercially feasible. ECG compression is also of practic uit algorithm. The resulting representations are signal-

importance for other aspects of electrocardiography. Trans{y e in that the atoms for the model are chosen to match
mitting the ECG signal through telephone lines or mobiley, o qional hehavior: furthermore, the models are parametric
radio, for example, may save a crucial time and unnecessa

difficulties in emergency cases. Real-time heart rhythm ana _Pié?:\t the atoms can be described in terms of simple param-

ysis algorithms require ECG data compression. Compression , " . . .
parameters may also be valuable tools for developing pattern Atomic decompositions and matching pursuit are revised

recognition schemes and automatic diagnostic algorithms. n hsectlofn ZECSectlon 8 d_escrllzbes n deiazl the Itproposed
In practice, efficient data compression may be achieved® ?rge_ or i Zonll_preﬁsmn. prgnmen alresu sda_re pre-
only with lossy compression techniques. In ECG compresggﬂ g In section . Finally, conclusions are resumed in sec-
sion algorithms the goal is to achieve a minimum informa- '
tion rate, while retaining the relevant diagnostic information
in the reconstructed SignaL 2. ATOMIC DECOMPOSITIONS AND MATCHING
Data compression methods have been mainly classified PURSUIT
into three mayor categories: a) direct data compression, k?
transformation methods, and c) parameter extraction tech-
nigues. Most of the existing data compression technique§ime-frequency atomic signal representations have been of
for ECG signals lie in two of the three categories describedongoing interest since their introduction by Gabor several
direct methods and transformation methods. Direct methoddecades ago. The fundamental notions of atomic modelling
are realized by irregular sampling and quantization of origi-are that a signal can be decomposed into elementary func-

nal waveforms in the time-domain. Transform methods ar¢ions that are localized in time-frequency and that such de-

1 Principles of atomic modelling



compositions are useful for applications such as signal anak.2 Matching pursuit

ysis and coding. Here, an overview of the computation an.ﬂ/latching pursuit [17] is a greedy iterative algorithm that of-

properties of atomic models is presented. The overview Pars a sub-optimal solution for decomposing a sigdal in

based on an interpretation of atomic modelling as a lineaje g of ynit-norm expansion functioggn] chosen from an
algebraic inverse problem. overcomplete dictionarp. When a well-designed overcom-

A signal model of the form plete dictionary is used in matching pursuit, the nonlinear na-
M ture of the algorithm leads to compact signal-adaptive para-
_ metric models [17, 18].

X[n] = i; ;1] @) At the first iteration, the atong;[n] which gives the

largest inner product with analyzed sigmal] is chosen. The
can be expressed in matrix notation as contribution of this vector is then subtracted from the signal

and the process is repeated on the residual. Atrtltie iter-
x=D-a with D=[0,0,...0 ... Oy} (2) ation, the residue is:

where the signak is a column vector§ x 1), a is a _0
column vector of expansion coefficientdf (x 1), andD is an r™n] = { Xm]l m= (4)
(N x M) matrix whose columns are the expansion functions F N+ 0y - Gy (N M#0
%[g]ri ilgvtter]rlggrggglve\:“r)nr}( » derivation of the model coefficients where Ui (m) is .the vyeight associateq t.o optimum atom

When the functiongy[n] constitute a basis, such as in %[N at them-th iteration, and(m) the dictionary index of
Fourier and wavelet decompositions, the malbixs square the optimum atom chosen at theth iteration.

(N = M) and invertible, and the expansion coefficiemtfor The orthogonality principle gives the weighf” associ-
a signakx are uniquely given by ated to each atom[n] € D at them-th iteration:
_p-1.
a=D"x @) (™ 2n], g [n) = (] - UG [, gi[n]) =0
n

While this ease of computation is an attractive feature, — qm = "I0G0) _ (LGN _ pmiy o ) ®)
basis expansions are not generally useful for signal mod- PGk gl '

elling, because they do not provide compact models of ar- where the last step follows from restricting the atoms to
bitrary signals [16]. To overcome the difficulties of basisbe unit-norm.

expansions, signals can instead be modelled using overcom- Thel? norm ofr™1[n] can be expressed as:

plete set of atoms that exhibit a wide range of time-frequency

behaviors. Such overcomplete expansions allow for compact m 2

representation of arbitrary signals for the sake of compresrm™-1in) (12 = ||r™[n]||>— [¢r™[n], g [n))[* ={|r™[n][|?=|a™?

sion and analysis. With respect to the interpretation of signal |lgi[nl][2

modelling as an inverse problem, when the functigyig] (6)
constitute an overcomplete or redundant Set$ N), the which is minimized by maximizing

dictionary matrixD is of rank N and the linear system in

equation (2) is underdetermined. The null spac®athen la™? = [(r™[n], g [n))[? (7

has nonzero dimension and there are an infinite number of Therefore, the optimum atorg, . [ (and its weight
expansions of thg form Qf equation (1). - a., ) at them-th iteration are obtained from (8):

There are a wide variety of approaches for deriving over-"i(m)
complete signal expansions, which differ in the structure of
the dictionary and the manner in which dictionary atoms areg, ., [n] = arg min|[r™ 2 n)||? = argmax (r™[n], g [n))|* (8)
selected. Examples include best basis methods and adaptive €D g €D
wavelet papket, where the.overcomplete d.i(.:tionary consists  This is simply equivalent to choosing the atom whose in-
pf a collection of bases. Signal decomposition schemes USier product with the signal has the highest magnitude.
ing more general overcomplete sets can also be considered. 14 gnaple representation of a wide range of signal fea-
Such approaches can be roughly grouped into two categoriegyes, 4 large dictionary of time-frequency atoms is used
a) parallel methods, such as the method of frames, basis PYfy matching pursuit. The computation of correlations
suit, gnd FOCUSS, m_whlch computation of the various ex- rMn], g:[n]) for all g.[n] € D at each iteration is highly com-
pansion components is coupled and derive exact SO.IUt'Onréutational consuming. As derived in [17], this computation
b) sequential methods, such as matching pursuit and its vaiisn he substantially reduced using an updating formula based

ations, in which models are computed one component at &, equation (4). The correlations at theth iteration are
time and derive sparse approximate solutions according tQyen by:

suboptimal criteria. All these methods can be interpreted a
approaches to solving inverse problems.

Since sparse approximate solutions are of interest for (r™n], g [n]) = (r™[n], g[n]) = ity * (Gi(my [N G [N]) (9)
compact signal modelling, matching pursuit is the chosen . .
method for deriving overcomplete signal expansions in the Where the only new computation required for the cor-
proposed ECG compression scheme. Furthermore, it préelation updating corresponds to the cross-correlation term
vides a framework for deriving such expansions by succestd;m [N &[n]), which can be pre-calculated and stored, if
sive refinements with low computational cost. enough memory is available, once Bdtas been determined.



3. THE COMPRESSION ALGORITHM to the fiducial point (R wave), nonuniform filtering and base-

. . . ... line removal.
The ECG signal may be considered a quasi-periodic signal. Segmentation divides the ECG signal into beats (com-

The main redundancies in the ECG signal existin the form 0fo. o5y “and every beat is further divided into three sections:
correlation between adjacent or past beats (inter-beat corr "section, QRS section and T section. The motivation for

lation) and correlation between adjacent samples (intra-begf,p, peat segmentation arises from the fact that every one of

correlatipn). . . . the three sections has a different diagnostic meaning and a
The inter-beat correlation suggests the idea of using gitterent power spectral density.

Long-Term Predictor (LTP) [10]. The frequent existence of = hg glignment with respect to the fiducial point between

%djacent beats involves sending side information to the de-

beat codebook. The codebook is used to store "typical” paglyqer, which must be taken into account in the last step at the
beats. The intra-beat correlation suggests using a Short-Terga -, qer (postprocessing).

Predictor (STP). With LTP, STP and a beat codebook, a pré- o nonuniform filtering consists of two different FIR
dicted beat can be estimated, and aresidual signal, whichhggo .« The P and T waves are filtered with a 0.01-50 Hz

lower variance, can be calculated [13]. bandpass FIR filter, and the QRS section with a 0.1-100 Hz
Our approach is somewnhat different to the one proposeangpass FIR filter. The filters are switched according to seg-

in [13]. Inter-beat correlation is reduced by pattern matchingnentation. The last step of preprocessing is baseline removal
between two consecutive beats in an analysis by synthesi| ing cubic splines.

framework. Nevertheless, intra-beat correlation is reduce

by 'operating over th.e difference between co_nsecutivg beatg.o The encoding subsystem

This residual signal is modelled using matching pursuit over )

an overcomplete dictionary of time-frequency atoms. The encoder matches the current preprocesseddbemith
Figure 1 shows the encoding stage of the proposed ECGe previous synthesized omg ;, and computes a differ-

coder and figure 2 shows the decoding stage of the same sy&nce signat,, taking into account thdg, is anN-length zero

tem. vector @, = by, = 0):
.. Pattern Model r, = b k = 1
](E)gémal w Matching i parameters Bit stream k o bk 6 k 1 (10)
signal breprocessing b, J-D 7 Matching Pursuit Entropy rk Mk Mk-1 7&
+ ro coding . o . .
- Quantzation |, If the length of the synthesized bégt , is different from
bkfl

Synthesizer that of the current bedt,, the last one is cut or zero-padded
at the edges. The difference or residual signais repre-
sented by atomic modelling using matching pursuit with a
>+ dictionary of orthogonal wavelet-based atoms and efficiently
b, coded. The current synthesized ECG sidgnab obtained by
adding the current decoded residy¢o the previous synthe-

sized ECG signdh,_,:

;i/%?éi]l: Encoding stage of the proposed ECG compression E’k _ Bk—l +F (11)

"

Encoding stage

At each segment, the matching pursuit algorithm is iter-
ated, extracting atoms from the original beat (first segment)

Side Tnformation or the current residue (remaining segments), until the differ-
Reconsrctd e ers bisrean  ENCE between the original ECG sighgland the synthesized
e _ . Entro oneb, reaches a predefined value of the PRD measure.
<+—Postprocessing Synthesizer 24 k A
decoding In order to achieve the same PRD value at the encoder

and the decoder, the optimum Weigmm) at each iteration

of matching pursuit must be quantized and the reconstructed
valueéri(m) applied to achieve the residue:

Beat
delay

Decoding stage
rm+1[n] = rm[n] - ai(m) 'gi(m) [n] m 7é 0 (12)
Figure 2: Decoding stage of the proposed ECG compression )
system Lemarie wavelets have been chosen because we have
found that they best match to the waves within each ECG

beat. Orthogonal wavelets are considered to speed up the

The general scheme of the proposed ECG compressiQiyre|ation updating procedure within the matching pursuit,
method consists of three main subsystems: 1) preprocessings ingicated in [19]. The overcomplete dictionarys made
2) encoding (pattern matching and residual signal coding), 3} with those functions which give rise taJadepth wavelet
decoding. These subsystems are described below. decomposition, being\ the frame length antv — szl N

i=0 2
the wavelet dictionary size. ?
Once the residual signal is completely modelled and the
The ECG signal is preprocessed prior to compression. Pr@arameters of the model quantified, they are finally entropy
processing consists of segmentation, alignment with respecbded.

3.1 Preprocessing



3.3 The decoding subsystem formance of the proposed ECG coder for a wide variety of

This subsystem exists at the transmission side as well as tif8SEs: . : .
receiver side, as expected of an analysis by synthesis basgd Figure 4 gOTPafng the. tﬂlstaortlon—][at%e cg'r&/g Aozbta";el‘_j_rgy
ECG coding scheme. The decoder recovers the residual siE—ngrngSre aégorr]l Iirrnn \iNI olsﬁ (r)ni I?‘it fth ran Itin
nal from its quantized parameters, and obtains the curre ointscf% ree;:h c%(;n regsif) r?rﬁgtﬁo?j al it of the resufting
reconstructed bedt, by adding the recovered residéieto P P '

the previous synthesized bdgt ; (see equation (11)). This g,
process is repeated beat to beat until the ECG signal is cor
pletely coded.

It must be noted that the current reconstructed Ieat
must be finally post-processed at the decoder in order to unc,,,|
the alignment with respect to the fiducial point between adja
cent beats performed at the encoder, which involves decodir, |
the received side information (beat time duration and fiducia
point location).
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4. RESULTS AND DISCUSSION

The MIT-BIH Arrhythmia database [20] was used to evalu-

ate the proposed compression algorithm and compare it witzoo[

other known ECG compression methods (SAPA2 [21] anc

LTP [10]). These compressors were chosen because SAPAo

is very often referred for comparison in the literature, anc

LTP is one of the best ECG compressors available today. o, " L . - - " -
Quantitative tests were performed using rate-distortion

curves for each one of the compression algorithms to be con; ure 4: PRD-rate curves for SAPA2, LTP and the proposed

pared. The rate was chosen to be expressed in terms of bit%é’G coder '

of the compressed ECG signal, and the distortion was cho-

sen to be _the PRD (in percentage units) between the recon- Figure 4 suggests that the proposed ECG coding scheme

structed signal and the original one. ___is a profitable alternative to other existing ECG coders when
Figure 3 shows an example of reconstructed ECG signalgne prD measure is above a threshold of about 3%. Below

which were compressed by the proposed ECG compressiqfa; value the ECG coder performance is not good enough

300
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scheme at two different PRD values. due to matching pursuit extracts too many atoms, most of
: ‘ ‘ ‘ ‘ ‘ them representing noise-like components, mainly for noisy

i ] ECG signals.

"L ] 5. CONCLUSIONS

’°‘152;5 - T ™ i e 1;55 The proposed ECG coder allows to achieve low transmission
' ' @ ' ' rates (100-200 bits/s) while maintaining a good reconstructed

i ‘ ‘ ‘ ‘ ‘ 7 signal quality (PRD of 6-10%), being an interesting alterna-

tive to other existing ECG coders. The best performance with
regard to the ECG coders chosen for comparison was found
with a PRD of 4-10%),
‘ ‘ ‘ ‘ ‘ ‘ The ECG coder complexity is low owing to the use of
' orthogonal wavelet atoms, that make possible a fast correla-
tion updating procedure in matching pursuit. Therefore, the
compression system can be real-time implemented using in-
expensive DSP chips.

In atomic models based on matching pursuit, signal adap-

oy = ey o Y v . tivity is achieved by choosing expansion functions that match
© the time-frequency behavior of the signal. By choosing a
dictionary with a parametric structure, such as the selected

Figure 3: Example of reconstructed ECG signals (recorgvavelet one, the resultant ECG coder is both signal-adaptive
202 of MIT-BIH Arrhythmia database). (a) Original signal; and parametric, as the proposed one.
(b) Reconstructed signal with PRD = 12% (bit rate = 51.48

bits/s); (c) Reconstructed signal with PRD = 7% (bit rate =
97.80 hits/s) REFERENCES
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