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Comparison of Compression Ratios for ECG Signals by
Using Three Time-Frequency Transformations

Sinisa llic

Abstract: In this paper are presented compression results of ECG Idignasing
three time-frequency transformations: Discrete Wavetanform, Wavelet Packets
and Modified Cosine Transform. By using transforms mentipisamples of signals
are transformed to appropriate groups of transformatiaffawents. Almost all co-
efficients below the determined threshold are rounded to values and by inverse
transform the similar signal to original one is created. Byng run-length coder,
consecutive zero value coefficients can be replaced byesivajle that shows how
many consecutive coefficients with zero value exists. 18 thdy small number of
coefficients is stored, and compression is obtained.

Depending on transform used, different number of coeffisiearounded to zero
in different positions, hence the reconstructed signal @saror less similar to the
original one. In general there exists measures that show rhaeh reconstructed
signal is similar to the original one, and the most used is@&d#age Root mean square
Difference (PRD). Comparison of compression is perfornredbtaining the larger
compression ratio for the smaller PRD.

Keywords: ECG, compression, Discrete Wavelet Transform, Wavelekétac Co-
sine transform, Cosine-modulated filter bank.

1 Introduction

To record ECG signal waveform, a large amount of data shaeikhlved. To reduce
the space for data storage, some compression must be usenhiyif the differ-
ence between decompressed - reconstructed signal anddhmbone is minimal,
i.e. if reconstructed signal is not distorted and if cardgi$t can obtain the same
diagnosis from reconstructed signal as if he would obtairor original signal.
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There are several ways to obtain compression of non - stiiagignals [1] and
almost all of them use transform coding like in [2—4]. In th&gper, compression of
the signal is obtained by wavelet transforms - Discrete \iaviZansform (DWT)
and Wavelet Packets (WP) and by cosine-modulated filter.bank

It is important to find the best compression method for afledént shapes of
ECG signal regardless of heart disease of patient. The assion ratio also de-
pends on the parameters how ECG signal is digitized (sampieguency and
number of bits per sample) and the level of decompositionthénpaper [5], au-
thors obtained the compression results for ECG signal szorgai 360 Hz with 16
bits per sample using the wavelet packets'atiével. In this paper, compression
of ECG signal from the device described at [6] is analyzece Jignal is quantized
with 10 bits per sample and by sampling frequency of 960 Hz.

2 Decomposition and Reconstruction of Signals Using the Digete
Wavelet Transform

Discrete Wavelet Transform (DWT) enables decompositiothefinput signal into
two signals - Approximatioi and DetaildD. Details are obtained when the signal
is passed through the half band, high-pass filter (HPF), vhigoulse response
represents the wavelet functiogy(t)). Approximation is obtained if the signal is
passed through the half band, low-pass filter (LPF) whichésgquadrature mirror
(QMF) of the previous one [7]. The impulse response of the id”the scaling
function (@(t)).

At the output of both QMF filter pair, number of coefficientsu times larger
compared to the number of samples at their input. This is soreavhy down-
sampling is then performed by factor 2 on both output sigrnaldy one coefficient
out of two is kept.

The decomposition process can be iterated, with succesgpm@ximations be-
ing decomposed in turn, so that one signal is decomposedniatty lower reso-
lution components. This is called the wavelet decompaositiee. The number of
iterations represents levd)) of decomposition. The initial signal is transformed in
a set of coefficients which are grouped into the lowest apgpration and details.
The total number of coefficients (in the lowest approximatevel and inl details)
is the same as the number of the samples in original signathoid any further
processing it is irrelevant which set of data will be stoned file. In the Figure 1(a)
is presented decomposition process. Coefficient groupshaepresents DWT of
the signal are bordered with dot line.

Original signal can be reconstructed using the modified Veae/’(t)) func-
tion and modified scalingg((t)) function. The coefficients of the modified func-
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tions have the same values as the original ones but reverdered. To reconstruct
Approximation at the higher levelA(), Approximation and Detail at the lower
level (Aj;1 andDj, ) are used. Coefficients at lower level must be up-sampled and
passed through the modified half band Low and High Pass §iltdép-sampling is
performed by inserting zeros between two consecutive cbeffis. Reconstruction

of Approximation and Details at the higher levels is showthia Figure 1(b).

(a) Decomposition (b) Reconstruction

Fig. 1. DWT decomposition and reconstruction

3 Decomposition and Reconstruction of Signals Using the
Wavelet Packets

In the similar way, decomposition of the input signal intopkpximationsA and
DetailsD using the Wavelet Packets can be performed. By using DWYV,iaplt
signal and Approximations can be decomposed into Approkéms and Details
on the lower level. There is no decomposition of Details. Bing WP, Details
can be also decomposed, and the tree of nodes is creatednpithgignal at the
top of the tree. Coefficients of each node can be decomposedvio subsets
(nodes), regardless the originating node represents IDetaApproximation. The
decomposition tree of WP up to the third level is presentddefFigure 2

Coefficients which belong to the end nodes (the rightmosigatrE 2) need not
to be those from which the input signal is going to be recastd. Sometimes
it is better not to decompose coefficients of some node intpréypmation and
Details on the lower level. For each node is calculated egtrioased on the values
of coefficients belong to that node. If the entropy of the iogjng node is less
than the sum of entropies of successor nodes, decomposititirat node is not
performed. By pruning the tree with respect to the entrofiieica, the best tree is
obtained with the least cumulative entropy [8].

There exists several ways of calculating entropy [9]. Tmepdest way which
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Fig. 2. WP Decomposition

obtains very good results is to select threshold entropyraaeg to formula:
E(s) = #{i such ags| > £} where¢ is selected threshold value.

4 Decomposition and Reconstruction of Signals Using the Mhannel
Cosine-Modulated Filter Bank

By using M-channel cosine-modulated filter bank, input alge passed through
the bank of M QMF filtersil(Z)) and on their outputs, decimation by factor M is
performed, i.e. each M-th sample is kept. In this way inpghal is decomposed
on M groups of coefficients [10—15]. Reconstruction of sigagerformed if M
consecutive zero value coefficients are added after eadficomet obtained in de-
composition process and passed through modified filter bailc)). In contrast
to wavelet transformations which have Perfect ReconstmdPR), i.e. original
and reconstructed signal are the same, cosine-modulatesfarmation does not
have perfect reconstruction. Because the relative diffsxebetween original and
reconstructed signal is very low, this transformation tessis used to say, nearly
PR. The impulse responses of these filters are given by eqgsati

he[n] = 2- p[n] .cos<(2k+ 1)- % <n— %) N (_1)k'%[> n

and

fu[n] = 2- p[n| -cos<(2k+ 1)- % : <n— NT_1> — (=1 77:) 2)
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wherep|n| is impulse response of so-called prototype filter given hyagign:

pIn = (Sin((;f(,?i'ﬁf ’6"8)> Wi @
2

andwi[n] is windowing function. In this case Blackman windowing ftion is
selected. Decomposition and reconstruction process Imgudichannel cosine-
modulated filter bank is shown at the Figure 3
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Fig. 3. Decomposition and reconstruction of signal by udvtghannel cosine-
modulated filter bank

5 Compression Method and Material

When the original signal is decomposed by time-frequenapdiormation into
groups of coefficients, each group represents signal inogpiaite bandwidth. Sta-
tistically, coefficients which belong to lower frequencynbavidths have higher am-
plitudes, and vice versa - coefficients which belong to higiegjuency bandwidths
have lower amplitudes. Hence, if some number of coefficidnitivabsolute am-
plitudes are close to zero are neglected, the compressialtéained, with no big
impact on shape of the signal after reconstruction.

The method of setting the value of coefficient to zero if theddilnie value of
a coefficient is below the threshold defined, is calling “dm@ding” [16]. It is
very important to select appropriate value for threshgld{sirge threshold values
lead to very good compression but distortion might appeagdéonstruction. Small
threshold values lead to low compression but reconstrusitgdal is very similar to
the original one.

There exists several measures for “quality” of reconstddignal after com-

pression. The most popular is Percentage Root mean squiiezeDce (PRD)
which is defined by equation:
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wherex(n) represents signal’s mean value.

Unfortunately, PRD does not show exactly how much is signstoded in
different time position, but shows only cumulative disimmt Very often Maximal
Absolute Difference measure for the difference betweeansttucted and original
signal is used. Original and reconstructed signal withaut with distortion are
shown at the Figure 4.

ey G . NG
L I %A
T DS Dl
RN BE
\ l l
- = ST
i :
0 Rt e A

(a) (b)
Fig. 4. Reconstruction of ECG signal after thresholding hodt (a) correct reconstruction and
(b)reconstruction with distortion

By replacing the sequence of consecutive zero value caaiteiwith a number
that shows how many consecutive zeros are there in apptefgraup of coeffi-
cients, the lower amount of data is going to be stored. The Iduraf Zeros (NZ)
is the measure that shows what is the ratio between numberofvalued coeffi-
cients and total number of coefficients in the transform oigaa. This measure
will be used as the compression ratio in this paper.

The comparison of compression ratios and quality of recoottd signal is
done by changing the following parameters: Level of decositjpm and wavelet
used, for DWT and WP and number of filters and appropriate rmunob filter's
coefficients.

Several wavelet functions are used in this study: Daubschi&velets: 2, 4,
6, 8 and 10, and Biorthogonal 4.4 wavelet, 3 levels of decaitipa: 5, 6 and 7
and two different orders of Modified Cosine transform: 164 821 with 16 and
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32 filters respectively. Samples of ECG waveforms of 10 pédievho belong to
3 groups of diseases: Acute myocardial infarction (AIM)s@lota and left bundle
branch block are being compressed.

6 Results

For each patient, 12 leads (channels) with 6 seconds of EQalsper lead are
recorded in a database. Every signal is then decomposed pammeters men-
tioned and thresholding is performed. For selected pamsietfter reconstruction
of signal in each lead, compression ratio, maximal absaliiterence and PRD is
calculated, as it is shown in the Table 6 for DWT with deconijoms on 4th level
using Daubechies 2 (db2) wavelet function.

Table 1. PRD, Maximal absolute difference (MaxD) and Nundi&teroes (NZ)
for a patient with AIM by using DWT with db2 wavelet and decawsjiion up to

4t |evel

ECG lead| PRD (%) | MaxD | NZ(%)
D1 1.55 5 91.61
D2 1.80 4 91.60
D3 1.74 6 91.60
avR 3.64 3 91.62
aVvL 2.25 5 91.60
aVvF 1.65 4 91.60
V1 2.16 3 91.60
V2 1.31 6 91.61
V3 1.81 10 91.60
V4 3.37 8 91.61
V5 1.40 10 91.60
V6 2.78 6 91.60

| Statistics | 364] 10 | 91.60]

In the last row in the Table 6 are shown maximal values of PR® ldaxD
for that patient as the worst cases and mean compression battause that is the
compression which will be obtained if compressed coeffisier all leads will be
stored in a same file. These values will be called statistigahles of compression
for selected parameters.

Statistical values of obtained compression and recortgtrucesults are en-
tered in a new table with four additional columns: heart d@&eid, patient id,
wavelet function and level of decomposition. For each comtidbn of patient,
wavelet function and level of decomposition the new row isated. There was
10 (patients)x 3 (levels of decompositionx 6 (wavelet functions) = 180 rows
in a table which represents compression results for 12 gleadl 80 = 2160 ECG
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signals. Two tables of described format are created: onBYdT and another for
WP. From these huge tables, regardless of patient, thegeremnpression ratios
per combination of wavelet function and level of decompositre calculated and
shown in the Table 2 and appropriate maximal PRD in the Tahlelt & very
important to say that original and reconstructed signakfach lead (ECG signal)
had to be visually checked for distortion.

Table 2. Mean compression results of ECG signal obtainedsiyguDWT and WP by

wavelet function and by level of decomposition

method | level db2 db4 db6 db8 | dbl0 | bior4.4
DWT 5 91.87 | 91.76 | 91.53 | 91.57 | 91.45 91.78
WP 5 *90.18 | 91.93 | 92.17| 92.21 | 92.10 92.46
WP 6 *90.51 | 92.28 | 92.48 | 92.56 | 92.41 | *92.81
WP 7 *90.68 | 92.44 | 92.65| 92.71| 92.57 | *92.96

Table 3. Maximal PRD values of ECG signal obtained by usinglDAdd WP by wavelet

function and by level of decomposition

method | level db2 | db4 | db6 | db8 | dbl0 | biord.4
DWT 5 990 | 9.71| 9.74 | 9.70 | 9.69 9.70

WP 5 *9.27 | 876 | 865 | 8.73 | 8.65 8.79

WP 6 *0.38 | 891 | 868| 869 | 865| *8.95

WP 7 *9.39 | 894 | 868 | 8.63| 8.65| *9.02

As can be seen from the tables 2 and 3, there are missing twe +dor
DWT decompositions for levels 6 and 7. Only ECG signals ofptewut of 10
patients could be compressed without a distortion for theleementioned. Stars
in table show the opposite case - only ECG signals of cougierga couldn't be
compressed in these levels without distortion.

For compression of ECG signals using M-channel cosine-tatetl filter bank
average statistical values are shown in table 4

Table 4. Mean compression results AND mean PRD of ECG sigiaésned by using M-
channel cosine-modulated filter bank by number of filtersramahber of filter coefficients

M | Number of coefficients in filtef PRD NZ
16 161 5.25| 91.19
32 321 8.09 | 94.08

The average compression ratio of 94.08% shows that the bethiooh of com-
pression is obtained using 32-channel cosine-modulatedliiink. It matches with
results obtained in [17].
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7 Discussion and Conclusion

Intuitively, the larger is the distance between originadl aaconstructed signal, the
compression ratio should be better. But as can be seen frertalittes 2 and 3
compression using DWT has the largest PRD but the worst cessjan ratios. The
best compression ratio, by using DWT is obtained by usingwiaxelet.

By performing compression using WP, compression ratio ¢seiasing by in-
creasing decomposition level with increasing PRD, excefihé case of wavelet
function db8. The best compression ratio is obtained with ¥8Rg biorthogo-
nal 4.4 wavelet function in all levels of decomposition c@rgd to ratios obtained
by using other wavelet functions. Generally, by using WRebecompression is
achieved compared to the DWT.

As can be seen from the table 4, compression ratio by usirigesosodulated
filter bank with M=16 filters has average which is the smal@®inparing to all
DWT and WP compression ratios. But, by using cosine-moddlétter bank with
M = 32 filters, the best compression ratio is achieved withgimallest distance
between original and reconstructed signal. It is very ingoatr result considering
that cosine-modulated filter bank is not the tool for obtagnperfect reconstruction.

References

[1] S. Jalaleddine, C. Hutchens, R. Strattan, and W. Cop8E@G data compression
techniques - a unified approachEEE Trans. on Biomedical Engineering, vol. 37,
no. 4, pp. 329-343, 1990.

[2] M. M. Goudarzi, A. Taheri, and M. Pooyan, “Efficient methéor ECG compres-
sion using two dimensional multiwavelet transforrimter national Journal of Sgnal
Processing, vol. 1, no. 3, pp. 226-232, 2004.

[3] T.R.Downie and B.W.Silverman, “The discrete multipleawelet transform and
thresholding methodsJEEE Trans. on Sgnal Processing, vol. 46, pp. 2558-2561,
1998.

[4] M. Vetterli, “Wavelets, approximation and compressiotEEE Sgnal Processing
Magazine, vol. 18, no. 5, pp. 59-73, 2001.

[5] M. Blanco-Velasco, F.Lopez, M.Rosa, and F. Cruz-Ro]dBeriodic wavelet packet
implementation applied to ECG signals coding,Hroc. of Circuits, Systems, Com-
munications and Computers, Vouliagmeni, Athens, Greece, 2000.

[6] A. Zoric and S. Ilic, “PC-based system for electrocardigdmaand data acquisition,”
in Proc. of 7th International Conference on Telecommunicationsin Modern Satellite,
Cable and Broadcasting Services TELIKS NiS, Serbia and Montenegro, 2005.

[7] M. Misiti, Y. Misiti, G. Oppenheim, and J. M. PoggWavelet Toolbox For use with
MATLAB. Natick, MA: The Matworks, Inc., 2004.

[8] R. Coifman and M.V.Wickerhauser, “Entropy-based aitfons for best basis selec-
tion,” IEEE Trans. on Inf. Theory, vol. 38, no. 2, pp. 713-718, 1992.



232

9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

S. lli¢:

S.S.lie and V.Stojanovi¢, “Poredjenje rezultatankpresije EKG signala wavelet
paketima sa razliCitim entropijama,” icbornik radova Xl telekomunikacionog fo-
ruma TELFOR 2004, Beograd (Srbija i Crna Gora), 2005.

M. Blanco-Velasco, F. Cruz-Roldan, J. Godino-Llomrand K. Barner, “Efficient
ECG compression based on M-channel maximally decimated GHnks,” inProc.
of X1l European Signal Processing Conference (EUSIPCO-2005), Antalya, Turkey,
2005.

F. Cruz-Roldan, P. Amo-Lopez, P. Martn-Martn, and Fper-Ferreras, “Alternating

analysis and synthesis filters: A new pseudo-gmf baDlgital Sgnal Processings,
vol. 11, no. 4, pp. 329-345, 2001.

F.C.Roldan, P.A.Lopez, S.M.Bascon, and S.S.Lawsém éfficient and simple
method for designing prototype filters for cosine-modulapseudo-gmf banks,”
IEEE Sgnal Processing Letters, vol. 9, no. 1, pp. 29-31, 2002.

M. Blanco-Velasco, F. Cruz-Roldn, F. Lpez-FerreragelnBravo-Santos, and
D. Martnez-Muoz, “A low computational complexity algonithfor ECG signal com-
pression, Medical Engineering and Physics, vol. 26, no. 7, pp. 553-568, 2004.

J. I. G. F. Cruz Roldan, M. Blanco-Velasco, “Nearly-faet reconstruction cosine-
modulated filter bank applied to ecg coding,”Pnoc. of XlII European Signal Pro-
cessing Conference (EUSIPCO-2004), Vienna (Austria), 2004.

F.C.Roldan, P.A.Lopez, P.M.Martin, and F.L.Ferrefasternating analysis and syn-
thesis filters: A new pseudo-QMF bankigital Sgnal Processing, vol. 11, pp.
329-345, 2001.

M.L.Hilton, “Wavelet and wavelet packets compressidrelectrocardiogram JEEE
Trans. on Biomedical Engineering, vol. 44, no. 5, pp. 394-402, 1997.

M. Blanco-Velasco, F. Cruz-Roldan, F. Lopez-Ferregasl P. Martin-Martin, “Com-
parison of wavelet packets with cosine-modulated pseullid-Qank for ECG com-
pression,” inproceedings of 23. Annual International Conference of the |IEEE Engi-
neering in Medicine and Biology Society, Instambul Turkey, 2001.



