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Abstract: In this paper we present an improved method fooffset and gain control, and a 4 parameter sitiedit
the acquisition, filtering, compression and climiparameter algorithm for extraction of coherent electromagneti
identification of the ECG. The method involves tee of interference. With this approach we are able toimipe the
an improved instrumentation setup with high resofuand resolution of the ADC, being able to use up to 7®Pits
sample rate, as well as DSP monitored automatic gad input range, increase the signal gain and suppress the
offset control (AGOC) which maximizes the rangetbé base-line wander and power-line interference. Whthéu
signal. It also involves the fitting of the signalith a  use the most significant 15 of an 18-bit ADC (ADBpat a
nonlinear model consisting of six generalized Geumnss high sampling rate of ~1 kSps to improve the SNRe fiigh
(with skew). The method further includes the usesiob- sampling rate is important because the solutiotihéofit in
fitting techniques to selectively remove electromatgc  the hyper-plane of the error gets narrower the npmiats
interference such as the power-line (50 Hz or 60 Hthe ECG has and upsampling is counterproductiveesin
component). We will further describe the experimaésetup increases the relative weight of noise.
developed, which is a DSP based portable 3-leait&eand
show some experimental and characterization results 2. METHODS

We will now present a detailed description of the

Keywords: ECG acquisition, clinical model template electronic instrumentation setup with its AGOC systand
nonlinear fit, sine-fit. the template fitting method.

2.1. Hardware

1. INTRODUCTION
Most current filtering, compression and ECG Wavebat;re?e ce)leecrtarl?enéc g‘;g?&ig&at'mreclggg'si ILTisﬁ' pﬁ]ab
detection schemes are relatively blind to the dctua y op ' ' quisitist

morphology of the wave. They rely on time-frequencyWhose block diagram is depicted in fig. 2.1 and rehare

schemes like filter banks [1], wavelets [2], clustg [3], clearly identified the amplification, sampling aptbcessing

singular value decomposition [4], stochastic methadth and communication stages.
blind source separation [5, 6] and neural network
approaches [7]. These methods use mostly the launs|

g

of the frequency band of interest disregarding the Dulbl, i o | o :
morphology of the ECG being also, to some extesisible L. /T/ i

to base-line wander, power-line interference anc Lt % i B
electromyograms (EMG). Adaptive filtering, like the =
methods proposed in [6, 8], require another refaresignal ; A <

or a generic model of the signal as an input wisieldomly S 2
is available. Amplification Tk Sampling Processing and | =2

comunication

In this paper we propose the use of a nonlineaffitne
period of the ECG with a template of 6 generalized Fig. 2.1.  Acquisition system developed for the ECGsignal
parameter Gaussian functions. The nonlinear fibritlgm is recording.
based on the Marquardt-Levenberg compromise. This . .
method allows for an extraction of some clinicdbimation Nowadays, the ECG systems commercially available
regarding the ECG in an optimized set of parametereresent in the market use low levels of signal #moption,

describing the relative location, width, height asiw of €Ssentially to accommodate the heavy base-line evand
each of the six features of the ECG (P, Q, R, &nd U). inherent to cardiac signal. The fluctuation of ¢ignal mean

To maximize the efficiency of the fitting algorithemd introduces problems in the signal measurement.eSinese

to increase the signal-to-noise ratio (SNR) of BHEG we fluctuations m_ight be large in amplitude and of ctam
developed a portable, DSP based, wireless acauisiti "2ture, the gain levels must be low when no typmethod

module which incorporates a DSP monitored automatils used to compensate or suppress the phenomenis. T



reality is visible in fig. 2.2, which depicts thegh resolution  2188N), which executes a 2 step cyclic algorithmp{dted
acquisition of a real in table 2.1) that manages the gain and offset eorsgtion
values.

G PTE healthy Effectively this control topology provides us withe
e et means to define (as in figure 2.4 if one considérs
dynamic range equal to the graph boundaries) theeptage
of the total dynamic range that the signal will @& the
signal placement within the total dynamic range.isTh
adjustment capability brings obvious improvemertshe
system’s effective resolution.

Quantization levels

Table 2.1. Steps of the algorithm used to compensathe base-line
wander, executed in the DS.
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Fig. 2.2. Healthy ECG signal extracted from the MT database,

belonging to the PTB. Init. state: Calibration (standard conditionpyocess tt

make the first precise estimation of mean valueg

healthy cardiac signal. This signal was extractednfthe  low values of gain.

PTB database (MIT-BIH) [9, 10], and acquired at IkHE o ) ) !
sampling frequency with a 16bit ADC. Careful anaysf @ Def. state: Definition of the desired dynamic ran::
the wave reveals that the ADC dynamic range puiseoby ! occupation and of the signal mean placement in ;
the acquisition topology represents only 1% of toeal | available dynamic range. i
dynamic range, which is clearly low. | ) !
The electronic platform implemented to acquire the While (1) !
signal and to perform some of the signal processiag ] ] ] ] o
1° - Estimate biological signamean, considerin !

devised so that it would be possible to substdntialduce ! .
present gain and compensation offset.

the effects of the base-line wander. The contrategy used

to achieve such a goal is depicted if figure 2.8.c¢bntrol | )
! 2° - Compute the future values of gain ¢

the
__________________ compenation offset, respecting the parameters impt
] ! in the definition state for the dynamic range.
| |
v E FPBx i _______________________________________________
| |
i ) DsP i
L | 2.2. Power-lineinterference removal using Sine-fitting
| |
| |
|
i : Very synthetically, the acquired data goes throwgh
: e —————— power-line identification and suppression algoritiwhich
Fig. 2.3. Control topology devised for the baserle wander consists in an interpolated DFT of the data forusa®
compensation, used in the acquisition system. identification of the power-line frequency, 4 paeter non-

mean fluctuation we introduced a feedback loop quigin  linear sine-fitting for precise parameterizationdatime
DAC (DAC5342). The feedback loop allows compensgatin SUPPression using a reconstructed model of thefémence.
the slow fluctuations of the signal, permitting the In the interpolated DFT [11, 12], knowledge of tiree
introduction of higher levels of amplification ugina Window used allow us to fit the amplitude of theotwins
digitally ~ programmed  differential  gain  amplifier nearest to the frequency to be identified with aimalytical

(PGA2500). This control structure, designated aO&Gis  expression of the Fourier transform of the winddw.our
; ; ; case the window is rectangular and the fit is yasimple.

\\ , ] Once the fit is achieved, the determination of fleguency
- L becomes simply the value at which occurs the maxirofi
the function used for the fit. This frequency iedsas a
| starting point for the iterative process of fittige sine
| \ | \ / wave since the regression is not linear in thefments.
\ | The “blind” path taken by the parameter vector he t
‘\/ \/ 1 solution space is governed by the Levenberg-Madiuar
=y v algorithm [14] which appears to provide a good coonpse
i s between convergence speed, robustness and firsal bia
Time (s) From the knowledge of the parameters the intertaren

Fig. 2.4. Example of the AGOC system operation. Tovwaves are can be modelled in time and subtracted from theiiaed
presented, the initial and the transformed one exbiting better signal

effective resolution.
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possible thanks to the Digital Signal Processor $RP



Algebraically the regression model can be expreased periodic heart beats, in a way that will permit tise of the
y= J9Y 4+ g0 @ non-linear representation model. .
2o =~ The non-linear model consists of the sum of six
1y (W4 (4D (0D

generalized Gaussians, as expressed by,
in which Y is the vector with the acquired samplejs the
paramete~r vector evaluated at iteratidn& the error and 6
J is the Jacobian of the analytical model, T (9/03)0= 2.G MM} : @)
f(1.6)=6,cos6,1 }+6, sir{6,1)+6, (2 5

consisting of, Each of the ECG features is described by a gemerhli

of (t,) of (t,) Gaussian exponential defined by,
a6, a6, (t-a)°
J:—af (Lel’“"a‘*): : A ) [dz(n+2atar(—e(t—a)))2
= 9(6,....6,) o (t) o (1) Gya d,g f)=fre . (8
R . wheref is the scaling factom is the time locationd is the
L 06, 06, | aperture ande the skew of the Gaussian. The template
also evaluated at iteratiGh defines those parameters individually for each lué 6

In each iteration the increment vector for theapagters, features. In this way the template can freely adapither
J,, is determined by, morphologies of the ECG period that might depict
=6 pathologies. In fig. 2.5 can be seen the reprasientof a
53) =(JT(i—1) [pe» +£I)_1|:]]T0—1)( y- f(-n(t, 3)) (4 generic (simulated) heart beat using the non-lineadel

(template) for the coefficient values present im tidble 2.3.

(i-)
. . . < - The non-linear model shown in fig. 2.6 is a temmlat
where | is the eye matrix and is the adaptive coefficient The goal is to describe any heart beat period, tiear

whose behaviour is determined by the algorithnabie 2.2.  unhealthy, using the given template. To descrilee réml

The parameter vector is updated through, data using the non-linear model, iterative methagsused.
e = gO) 4 5O (5) Specifically, the method used to compute the patame
p p 6 . L.
values of the model, which minimizes the error lestvthe
Table 2.2. Steps of the Levenberg-Marquardt algothm [14]. adaptive template and the real signal we pretemdpesent

e R L LT through the model, is the Levenberg-Marquardt Métho
p, =0,25;p, = 0,75 = 1k = 2k, = ! [14], similar to what was done in section 2.2 foe power-

i iteration (i) line suppression.
determineJ®, £ e p = =tz
0 04 ) Table 2.3. Coefficients used to
p<p,: &=k [ H construct the simulated wave of

an heart-beat.

0.
f ‘ /\/_ Feante\Coel 7 G El 7

T(B,€)

P >p. 1 E=E/K,

P 0,200 H 0,0655 01195
. (iﬂ) = (') (‘) \J \/ Q 0,360 [ 70210 | 01235
p>0 :86 0" +vle
|____|_ _____ -_ __________ QAQA /_ _ _ ________ L) R 0400 0,0036 0,0306 07173
-~ 5 0440 -0,0015 0,0254 -0,3964
. . . . . ° o Tme o-® T 0280 0 o555 | 007
The_ suppression is aqh|ev¢d by subtractmg. an acaly Fig. 2.5 Non-linear model created 6" I I B
replica of the power-line interference, obtainingn@w  represent a heart beat, using
sample vector, coefficients in table 2.3.
y=y- 300 =¢£", (6)
Z 2 S ;
where™ corresponds to the last iteration. T oo g
This technique of suppressing power-line interfeeeis Lo s C Ece fit

equivalent to the use of an infinitely narrow notfilter
centered on the frequency of the mains.

2.3. Generalized Gaussian Template Non-linear fit

Normalized values

This method uses a multiresolution wavelet tramafor i
procedure [13] for identification of the R feature, T et Y
localization in a continuous ECG, with local maximu 26 A e of i it where istown th o

. - f 1g. 2.0. n example or a nonlinear 1t wnere Isrmwn the acquire
search fo.r better tlme. resolution. Thls enables_ th'ECG (blue, solid line), the starting template (blak, dash dot line )
segmentation of a continuous ECG signal vectort¥n i ang the final fit (red. dashed ling.




The iterative process uses as initialization thmpiate
mentioned above, described by the 24 parameters
table 2.3. Preceding this process, the templatscaed,
dilated or contracted so that the initializationtie best
possible, taking into account the previously assiss

heartbeat interval. Considerin@fo) the 24 parameter

initialization, the iterative walk through the stbhn space is
defined by the equation,

v le(i)) ,
04 9%

gl =gl) 4
% %

where € ® defines the squared error linked to the iteration

and X/is the director function defined by,

%s(i)) =(J(‘)T oY +g I/))ﬂDJ(‘V &), (o
%% % % 9 %

beingJ the Jacobian matrix ofT (9/3) (eq. 7) and the
adaptative coefficient whose behavior is determibgdhe
algorithm in table 2.2. For the correct operatioh tle

algorithm described in table 2.2 is also mandattoy
compute the following linearity coefficient,

£ 0 _ g+ g0+3

M\ [ 1060 i)
yfe") [0+ enyel)

which quantifies the quality of the linear approstion

achieved in eqg. (10). An example of a nonlinearcéih be
seen in fig. 2.6 in which are represented the intart
template, the acquired waveform and the final fit.

9)

P = (11)

Clearly this approach will result in a very compac
representation of the electrocardiogram since, dach
period only 24 parameters are necessary. The lefel
compression in the representation is variable, nidipg on
the sampling frequency of the signal acquisitiorstam.
Other interesting characteristic, intrinsic to
representation (error, residue), is the filteringtained,
which is depicted in the template, fig. 2.5.

The substantial shrinkage in the representatiocespd
the electrocardiogram period has obvious advantagése
field of pattern recognition, since it eases thecgpof search
and increases insensibility to parameters as sagpli
frequency.

An important question that might arise refershie heed
of special templates for the cases not coverechéyattual
template (pathologies). As a matter of fact theutsmh to
this problem lies on the robustness of the Levember

the

Marquardt algorithm. Since we are analysing signals

composed by many cardiac periods, the 2 first periof
those signals can be used to create a new temflais.
means that, if one uses the previous non-lineaaditan
initialization (template) to the following non-liae fit, after
2 periods a new template is created, which is radexjuate
for the subject under study. Genetic algorithms also
being considered for the estimation of the startamgplate
to guarantee the global minimum is found.

3. Experimental Results

"N Atter the above explanation of the developed system
hardware and signal processing algorithms we am no
ready to analyze the extracted results.

Regarding the hardware experimental results thardig
3.1 depicts two different ECG signal periods, bjracted
from the high resolution ECG PTB [9, 10] databasd a)
extracted from one of the authors with the hardwsetip
implemented. Comparing the signals, and taking
consideration that the PTB system uses a 16 bit ADC
perform the signal acquisition it is possible téeimthat the
PTB signal only makes use of 1% of the total dymarange
whereas our signal employs 25% of the availableathin
range to represent the ECG signal.
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Fig. 3.1. Real Healthy ECG signals. Signal a) wasquired with the
electronic setup described in section 2.1, with theGOC connected
and signal b) was extracted from the high reolutiordatabase PT B.

Analyzing a continuous acquisition of an ECG raggis
one easily understands the mentioned problems dauge
the base-line wander. In fig. 3.2 is possible tenpret two
continuous registers. Signal a) belongs to ondefauthors
and was acquired with the AGOC system disconnected.
Signal b) was extracted from a healthy patientgmes the
PTB database.
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Fig. 3.2. Continuous acquisition of ECG signalsSignal a)
belongs to one of the authors and it was acquiredith the AGOC
disconnected. Signal b) was extracted from PTB [14]atabase.

The behaviour of both signals is very similar, sinthe
AGOC system is disconnected the signal acquiredepits
low levels of gain and no base-line wander comp@ansas

like any of the PTB database signals.

When the AGOC system is used the signal acquired
presents a level of effective resolution very high
comparatively with the PTB high resolution signals.
figure 3.3 a) one can observe a continuous register
presenting a controlled base-line wander and aioation
level. In figure 3.3 b) is depicted a 10 second ESighal
(detail from figure 3.3 a) from the author. Theipdes
exhibit clear cases of the offset compensationoparéd by

the AGOC system.



8 B In figure 3.5 a) b) c) and d), are depicted thelissrom
I O N the application of the non-linear fit algorithm ¢ontinuous
ECG record. After applying the segmentation prodess

»
1Y

complexes, the non-linear fit is applied to each tlo¢

Quantization levels

-

continuous ECG record with good levels of comprassi
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o 20

Time (s) Time (s) 1
Fig. 3.3. Continuous ECG signal from the authorwith AGOC " == : e
connected a). Signal b) is a Zoom from signal ayhere you can P P
see in red circle the offset compensation working. :g - % -
In terms of algorithmic work we attained very preing : AT /"\ T A : S VAN A
results. In figure 3.4 it's possible to analyze tin-linear  F..[ Y Y TV TTNOE ELLLE .
fitting algorithm applied to two different ECG s@n = * 3) o b)
periods. Figure 3.4 a) and c) presents the origanghal SR IR S S S o
(solid line) we pretend to represent and the EQ@ptate [y e
(dashed line), algorithm initialization. In figuge4 b) and d) N | T " ﬂ \ ;ﬂ\_m T
one can verify the results of the non-linear fit,solid line £, [ [l [ &/l I B | l
the original signal and in a dashed line is theiltesg fit. In -~ §..[ || 1| | - A I \
this case the original signal presents an offsetively to 2 AR . l B, [N \
the non-linear fit to improve the results visuaiaa. Lol | R N A A R
el L NRlEINmYr
I J o/ ) Ny dy-t
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Fig. 3.5. First column (left a) and c)) depicts tw signals (4 periods)
taken from the PTB [13, 14] database, the top ons healthy and the
other is a disease, bundle branch block. The rightolumn is the
result of applying the non-linear fitting algorithm to the PTB real
signals(left column).

Normalized amplitude
Normalized amplitude
.

"o 0.2 0.4 0.6 0.8 1

Time (s) *Time ()° An electrical characterization of the acquisitidraonel was
performed in which the total harmonic distortiomphoise
(SINAD) was found to be 89.3 dB, close to the tle¢ioally

response was found to be linear from DC to 450 Hz.

Normalized amplitude
Normalized amplitude

4. CONCLUSIONS
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Fig. 3.4. Non-linear fits performed to real signa, the top row is The work presented here relates to two major areas
an author’s signal and the bottom row presents a dle branch electronics and signal processing. In each of them
block signal. In figures a) and c) one has in dasbeline the presented an original contribution.
al_gorlthm initialization and in continuous I|_ne the original wave. The first novelty is associated with the experitaén
Figures b) and d) present the fit results in dashedine and the latf desi d . h . | Tt
original in continuous, which is scale for better visualization. platform designed to acquire the ECG signal. Tiasfprm

presents an alteration relatively to the commonsprae

. . . - . . feedback loop that allows for the compensatiorhefdignal
Analyzing the fitted signal it is obvious that aryselective base-line wander. This fact enables the use ofenitgvels
filtering has been performed, and considering fhateach

period only 24 coefficients are required, an highof amplification in the amplification stage, avaidi

compress?on candbfe_I ac_hieved. Thi§ cor;espondstr(lj;shess E?fgg?\t;g?eggﬂﬂillﬁwmg for an acquisition with anbed
compression and filtering, assuming that all thieevant : : : ]
information in a period is given by these featurgse level In the field of signal processing a method fornsig
of compression is obviously dependent on the sampl
frequency of the acquired signal. For examplehdf signal
sampling frequency is 1kHz (high resolution sigraaiyl the
cardiac period is 1s, the rate of compression idr2the fit
case of figure 3.4 c) d) one can verify the robassnof the
non-linear fit method, since the template used a
initialization is completely inappropriate. Yetgetlalgorithm
still manages to make an extremely good representaf
the original pathological signal.

Gevised. This method makes use of 6 generalizedskms
to represent each of the ECG period relevant featufo
find the specific set of parameters for a given Et&8od a
non-linear fit based on the Marquardt-Levenbergmatigm
is executed. This process presents signal filteripgod

ompression levels and an elegant way to modeEtb&
signal.

allows for an accurate identification of the ECG R

isolated signal periods. The outcome is a smoothed

maximum of 92 dB for a 15 bit converter. The phase

representation and morphological identification was



The reduced parameter space is ideally suiteddtiem
classification applications. There are, howeveill sbme
problems concerning the non-linear fit algorithncs in
some cases the Gaussians shift amongst them, hamper
the discrimination capabilities of a pattern clfisation
system.
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