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and median frequencies are below 10% and are comparable to the ones
in [11]; however, the moments are not well preserved and present large
variation. A reason for this behavior is that the MMP algorithm works
on the time domain, and uses the mean-squared error as the distortion
metric; this favors the maintenance of the shape (as can be seen from
the good PRD results), but not the spectral features. One possible solution for it, that is a promising area for future work, is to add other
distortion metrics to 1, taking into account spectral features.
Another promising research direction would be to use the proposed
algorithm to compress isotonic signals. Since it uses an adaptive dictionary, it has the potential to capture and quickly adapt to the nonstationary characteristics presented by such signals.
The computational complexity of the MMP algorithm is reasonably
high and a simplified analysis concerning this matter is available in [9].
Besides, we have not developed fast algorithms for its implementation
yet, since the main goal currently is to identify its potentials and investigate enhancements for improving its performance for a variety of
signals, like the EMG. Given these observations, we did not carried out
complexity comparisons in the context of this paper, however, this is a
main concern for future works.
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We applied a one-dimensional version of the MMP algorithm to
the compression of EMG data. The base algorithm and its extensions,
composed of tools that allow better adaptation to smooth sources and
more effective use of the dictionary, provided reconstructed signals
with high quality. The results obtained for isometric signals were good,
outperforming state-of-the-art schemes for EMG compression in terms
of PRD × compression ratio. In brief, this paper enforces that the MMP
algorithm, due to its universality, is an interesting alternative for biological signal encoding, and can be a viable alternative to compressing
other data of the same class, like the EEG.

Abstract—In this brief, we present new preprocessing techniques for
electrocardiogram signals, namely, dc equalization and complexity sorting, which when applied can improve current 2-D compression algorithms. The experimental results with signals from the Massachusetts
Institute of Technology - Beth Israel Hospital (MIT-BIH) database outperform the ones from many state-of-the-art schemes described in the
literature.
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I. INTRODUCTION
The electrocardiogram (ECG) is a very important tool for medical
diagnosis. The need for remote diagnosis may demand for the transmission of the complete exam, which may be composed by as much as 12
derivations, over bandwidth-restricted communication networks. Furthermore, the need for databases of ECG exams from various patients,
aiming at pathology development analysis or comparative diagnosis,
makes efficient storage also an important issue. Therefore, both ECG
storage and transmission demand suitable compression schemes, which
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must keep the integrity of the signal envelope as much as possible; otherwise, the medical team will perceive an erroneous or incomplete
structure, compromising the diagnosis.
Many authors have tackled the problem of ECG compression by
treating it as an image [1]–[5], allowing the encoder to efficiently exploit
the inter- and intrabeat dependencies. These methods can be generally
divided into three steps: QRS detection for segmenting the ECG into
periods, preprocessing, and transformation. The preprocessing step is
the main focus of this paper. Several authors have successfully used
period normalization [1], [3], [4], which tends to lead to significant
improvements. However, there are factors that prevent the normalized
periods from having high correlations, which may compromise the
performance of the compressor.
This brief proposes two new preprocessing methods that exploit
signal structure and similarities more efficiently by increasing the correlation between adjacent rows in the ECG image: dc equalization,
which clamps the signal segments to the same dc level, and complexity
sorting, which rearranges the rows of the resulting 2-D array from the
simplest to the more complex ones.
Some ECG compression methods use JPEG2000 as the encoder for
the 2-D array of samples, with generally good results. In this work,
we also investigate the use of the recently developed H.264/AVC intraframe encoder for this purpose.
This brief is organized as follows. In Section II, we discuss the
main preprocessing techniques used throughout the literature, together
with the ones proposed in this work. Section III provides simulation
results for the chosen encoders. In Section IV, the proposed algorithm
is discussed, and we present our conclusions in Section V.
II. PREPROCESSING TECHNIQUES FOR ECG COMPRESSION
USING 2-D ENCODERS
A. Main Techniques in the Literature
Processing the ECG signal as an image requires the transformation
of the original record into a 2-D signal. This is accomplished by detection of each ECG period, followed by segmentation and row-oriented
assembly. In this work, the QRS complex detection is executed with
the algorithms available in [6]. Next, the signal is segmented and reassembled as an image by choosing the maximum value of the QRS
complex as the segmentation boundary, leaving half peak at each end
of the row. The 2-D array resulting from this process can be viewed in
Fig. 1(a) for record 119 of the MIT-BIH ECG database. Although all
periods are left aligned, they do not have the same length, usually due
to the presence of some pathology or variations on patient’s condition.
To correct this behavior and better exploit the interbeat dependencies, Wei et al. in [4] proposed the period normalization,
also adopted by [3], which changes the length of all periods to a
common value. Following this concept, an original ECG segment
X = [x(0) x(1) . . . x(No − 1)] can be converted into a normalized
segment Xn = [xn (0) xn (1) . . . xn (Nn − 1)], which is computed
using
Xn (m) = X̂(h∗ )
h∗ =

m(No − 1)
(Nn − 1)

(1)

where X̂(h∗ ) is the decimated/interpolated version of X(n), computed
using cubic splines, No is the original period length, Nn is the normalized period length, and m = 0, . . . , Nn − 1. The decoder needs to
know the sizes of each original period in order to reconstruct the original signal. This information is sent as side information, along with the

Fig. 1. Effects of the proposed preprocessing techniques on record 119 of the
MIT-BIH ECG data base. (a) Originally detected periods. (b) Length-normalized
periods. (c) Dc equalization applied to (b). (d) Complexity sorting applied
to (c).

header of the compressed file. Fig. 1(b) depicts the period-normalized
version of the 2-D arrays in Fig. 1(a).
In [1], another preprocessing technique was introduced, referred to as
period sorting, which consists of a length-based ordering of all periods.
Note that this relies on the supposition that periods with similar lengths
tend to be highly correlated, which is not a very strong assumption and
may not be valid for a large class of ECG signals (e.g., when some
pathology is present).
B. Dc Equalization and Complexity Sorting
A brief evaluation of the length-normalized assembled image in
Fig. 1(b) reveals that adjacent lines may have different dc levels; this
creates high frequencies along the vertical direction of the resulting
image, which tend to decrease the efficiency of most compressors. In
order to tackle this problem, we devised a dc equalization procedure. In
it, the original dc levels of all ECG periods are calculated according to



dck =

LN
1 
xk (i)
LN



(2)

i= 1

where xk (i) are the signal samples of the kth period and LN is their
normalized length. Based on that, all periods are clamped to the minimum possible dc level, resulting in a smoother image. This process is
described by
xdk c (i) = xk (i) − (dck − dcm in ) + δ

(3)

where xdk c (i) are the dc-equalized period samples, dcm in is the minimum dc level, and δ is an offset that guarantees that the minimum
sample value is greaten than or equal to zero. The result of this preprocessing step is illustrated in Fig. 1(c).
However, although the dc equalization has helped in reducing the
vertical high-frequency content of the resulting image, adjacent lines
may still be very dissimilar after its application. This can be perceived
in Fig. 1(c) as sharp discontinuities along the vertical direction. One
way to alleviate this problem is to use the period sorting described
in [1]; however, as it has been previously discussed (see Section II-A),
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this preprocessing technique, in some cases, still fails to guarantee the
maximum similarity across adjacent periods.
Given the mentioned restrictions, we have devised a simple approach
to deal with this problem: to rearrange the rows/periods using a metric
that exploits the similarity among periods more efficiently than just the
period length. After the completion of the dc equalization, the variances
of all periods are computed, and the segment with the smallest variance
is moved to the first row of the image matrix. The other rows are then
occupied by the remaining segments in descending order of similarity
with the first one; it has been verified that a good similarity metric in
this case is the mean squared error, given by
LN
1 
(xk (i) − xσ m i n (i))2
MSEk =
LN

(4)

i= 1

where xσ m i n (i) are the samples of the period with the smallest variance
and xk (i) are the samples of the kth ECG period. We refer to this step
as complexity sorting because the periods are ordered according to
a correlation metric with the more “well-behaved,” i.e., less complex,
period. Its effect on the dc-equalized 2-D array of Fig. 1(c) is illustrated
in Fig. 1(d).
When compared to the 2-D arrays generated by the other preprocessing techniques [see Fig. 1(a), (b), and (c)], the 2-D array that results
from dc equalization and complexity sorting tends to increase the correlation between adjacent rows, favoring the performance of the 2-D
encoder.
III. EXPERIMENTAL RESULTS
To assess the coding efficiency of the proposed algorithm, we ran
tests with the first 216 000 samples (10 min) from records 100, 117, and
119 from the MIT-BIH ECG database. These records have been chosen
because there are compression results reported for them in the literature
[1]–[5]. The signals were sampled at 360 Hz with 11 b of resolution. The
dimensions of the resulting ECG images are variable and depend on the
number of detected periods and their average length. The records 100,
117, and 119 were converted into images with dimensions 284 × 761,
427 × 506, and 328 × 660, respectively. The original length of each
period, the original dc levels, the original ordering and the clamp level
are arithmetically encoded and sent as side information to the decoder.
The quality of the reconstructed signals was evaluated by using the
percent root mean square difference (PRD), commonly adopted in the
literature and defined as
PRD =

N −1
(x(i) − x̂(i))2
i= 0
× 100%

N −1
2
i= 0

(x(i) − µ)
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methods by analyzing their PRDs for fixed CRs, we can infer that a
similar performance is obtained when fixing the PRD. If one method
has larger PRDs than the others for the same CRs, then the fact that the
PRD × CR curve is monotonically increasing implies that, for a given
PRD, it would also have a larger CR than the others. It can be seen that
Type 3, where both dc equalization and complexity sorting are used with
period normalization, provides better performance than in the cases
when either only dc equalization (Type 1) or only complexity sorting
(Type 2) are used. Also, the proposed algorithm outperformed all the
other tested methods for all the records. The only exception is Chou
et al. [1] with record 119 at a CR of 20.9 (for a CR of 10:1, the proposed
method outperformed the one in [1]).
Two image compressors were used in the tests: the JPEG2000
(the Kakadu version, available at http://www.kakadusoftware.com)
and the H.264/AVC intraframe encoder, version 12.1 of the reference
software, available at http://iphome.hhi.de/suehring/tml/index.htm. We
have used all the default parameters for JPEG2000, and varied only the
quantization step, which was fixed to 0.00005. The main and tile headers were removed from the resulting file because they can be regenerated at the decoder. The adaptation of the H.264/AVC video encoder to
the coding of the normalized ECG image requires the use of the FRExt
High 100 profile (that uses YUV 4:0:0 chroma sampling format) [7],
associated with 11 b luminance samples. The input file passed to the
encoder is a YUV file with the preprocessed ECG samples (represented with 16 b) organized in a standard raster order. Rate-distortion
(RD) optimization, deblocking filter, and context-based adaptive binary
arithmetic coding (CABAC) were enabled, as well as 8 × 8 blocks for
both the transform and the prediction steps. For a better exploitation of
the H.264/AVC prediction process, the dimensions of the ECG image
were changed to multiples of 16; the image rows were extrapolated by
repeating the last line and the normalized row length was set to

Nn = 16

N 
n

16

.

(7)

An overall evaluation of the records reveals that if the target CR is high,
H.264/AVC is preferred (at high ratios, residues are simple and easier
to compress); otherwise, it is suggested to use JPEG2000. We have
observed that when the H.264/AVC intraframe encoder is used, the
complexity sorting is not so advantageous and can be skipped. Therefore, complexity sorting has been turned on only when the standard
deviation of period lengths was greater than 10%.

(5)

where x(n) and x̂(n) are the original and the reconstructed signals,
respectively, N is their length, and µ = 1024. The compression ratio
(CR) is evaluated as
Bo
(6)
CR =
Bc
where Bo is the total number of bits in the original signal and Bc
the total number of bits in the compressed format, including side
information. It is worth noticing that, for each of the test signals,
Bo = 11 × 216 000, corresponding to the 11-b resolution and samples from the first 10 min of each ECG. The results are summarized
in Table I. The compression method with length normalization, dc
equalization, and complexity sorting is referred to as Type 3. Note that
we also provide some performance figures for two other cases: one,
where we use length normalization with dc equalization (Type 1) and
another where we use length normalization with complexity sorting
(Type 2), for records 100 and 119. Note that, although we compare

IV. DISCUSSION
A. Transmission Delay and Buffering
Like most ECG compressors that operate on 2-D arrays, the proposed
scheme relies on the assumption that the periods are gathered and
reassembled as an image. This will cause some delay, depending on
the size of the ECG image. For example, in our tests, the transmission of
the partial records would require a buffering time of 10 min. It is clear
that this behavior compromises real-time data transmission; however,
if one can tolerate the extra overhead, buffering time can be greatly
reduced by using smaller images. Despite this, the proposed scheme is
useful in cases when real-time transmission is not required, and also,
when one is only concerned with data storage. One should note that the
amount of memory needed for buffering ECG periods is not high. For
example, if we use three consecutive bytes for storing two samples at
12 b each, the test signals would just require approximately 317 KB of
memory.
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TABLE I
PERFORMANCE COMPARISON OF DIFFERENT ECG COMPRESSION SCHEMES

B. Computational Complexity
The computational complexity of the QRS detection algorithm,
length normalization, and JPEG2000 or H.264/AVC intraimage compressors is similar to the one of the schemes in [1] and [3]. The dc
equalization consists only of one division per period, and a number of
summations that is proportional to the period length [see (2) and (3)];
thus, the computational complexity associated with it is low. The complexity of the sorting algorithms consist of the operations described by
(4) followed by a sorting procedure. The computational effort associated to (4) is one multiplication per input sample. The sorting procedure
is similar to the one in [1].

C. Memory Usage
The total amount of memory needed by the proposed scheme consists
of buffering memory and one ECG frame memory. The former has
been verified to be approximately 317 KB; the latter depends on the
image dimensions, that is, normalized-period length and number of
detected periods. For example, taking into account the record 100 and
considering a storage unit composed of 16 b integers, the amount of
memory required would be approximately 422 KB.

V. CONCLUSION
We presented new preprocessing techniques that can be directly
applied to the compression of both regular or irregular ECG signals.
They can be incorporated by any compressor or combined with existing
schemes, leading to an enhancement in the quality of the reconstructed
signal. The performances of the proposed techniques were assessed
by using the state-of-the-art JPEG2000 and H.264/AVC intraframe
encoders; the resulting compressors were shown to outperform the
methods described in the literature.
The results presented in this brief reveal new directions in ECG
compression, showing that it is worthwhile to further develop techniques that adapt the ECG signal to the chosen compressor. With
simple adaptations, one can obtain relevant improvements in compression performance using existent and well-established algorithms,
accelerating and reducing the costs of the deployment of ECG compression methods.
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