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szs@ms.sapientia.ro
2 Budapest University of Technology and Economics,

Dept. of Control Engineering and Information Technology, Budapest, Hungary

Abstract. This paper presents a new method for echocardiographic im-
age sequence compression based on active appearance model. The key
element is the intensive usage of all kind of a priori medical information,
such as electrocardiography (ECG) records and heart anatomical data
that can be processed to estimate the ongoing echocardiographic image
sequences. Starting from the accurately estimated images, we could ob-
tain lower amplitude residual signal and accordingly higher compression
rate using a fixed image distortion. The realized spatial active appear-
ance model provides a tool to investigate the long term variance of the
heart’s shape and its volumetric variance over time.

Keywords: Echocardiography, active appearance model, image com-
pression, QRS clustering.

1 Introduction

Echocardiography is a popular medical imaging modality due to its noninva-
sive and versatile behavior. There are no known side effects, and the measuring
equipment is small and inexpensive relative to other options, such as MRI or CT.
Reducing storage requirements and making data access user friendly are two im-
portant motivations for applying compression to ultrasound images, with the
retention of diagnostic information being critical [2]. A typical echocardiography
image consists of a non-rectangular scanned area, and a passive background,
which may contain patient related text or limited graphics (e.g. a single channel
ECG signal). The resulting spatial variation in image statistics presents a hard
task to coding methods that use a single partition strategy. For example, many
modern image compression algorithms, such as zero-tree coding [16] and set par-
titioning in hierarchical trees (SPIHT) [8,15] are based on the wavelet transform,
which partitions the input images into frequency bands whose size decreases
logarithmically from high frequencies to low ones. This kind of decomposition
strategy works well when the input images are statistically homogeneous, but
not in the case of echocardiography image sequences.

In paper [5] is presented the investigation results of the improved transforma-
tion based lossy compression techniques for ultrasound and angiography images.
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The goal of the study was to clarify, where the compression process could be
improved for the medical application. It was proved that wavelet transform out-
performs discrete cosine transform applied to ultrasound image sequence. The
analysis of international image compression standards was carried out with spe-
cial attention to the new still image compression standard: Joint Photographic
Experts Group (JPEG) 2000. The JPEG2000 compression is better than ordi-
nary JPEG at higher compression ratio levels. However, some findings revealed
this consideration is not necessarily valid for lower compression levels. In study
[17] the qualities of the compressed medical images such as computed radio-
graphy, computed tomography head and body, mammographic, and magnetic
resonance T1 and T2 images were estimated using both methods. The negative
effect of blocking artifacts from JPEG was decreased using jump windows.

The impact of image information on compressibility and degradation in med-
ical image compression was presented in paper [7]. This study used axial com-
puted tomography images of a head. Both JPEG and JPEG 2000 compression
methods were evaluated using various compression ratios (CR) and minimal
image quality factor (MIQF).

In pattern recognition research the dimensionality reduction techniques are
widely used since it may be difficult to recognize multidimensional data when
the number of samples in a data set is comparable with the dimensionality of
data space. Locality pursuit embedding (LPE) is a recently proposed method
for unsupervised linear dimensionality reduction. LPE seeks to preserve the local
structure, which is usually more significant than the global structure preserved
by principal component analysis (PCA) and linear discriminant analysis (LDA).
In paper [25] the supervised locality pursuit embedding (SLPE) is investigated.
These dimensionality reduction methods can improve the understanding level of
the medical information borrowed in the recorded image sequences [24].

Usually the medical applications do not tolerate much loss in fidelity, so the
distortion free methods, such as context-based adaptive lossless image coding
(CALIC) [22] have been recently adapted to ”near-lossless” situations [23] with
good results. Erickson et al. [4] have compared SPIHT and JPEG methods to
compress magnetic resonance imaging (MRI) and ultrasound images. They con-
cluded that wavelet-based methods are subjectively far superior to JPEG com-
pressed at moderately high bit rates. Medical images are typically stored in
databases, so it is possible for computers to extract patterns or semantic connec-
tions based on a large collection of annotated or classified images. Such automat-
ically extracted patterns can improve the processing and classifying performance
of the computers.

In the recent past, researchers in the image analysis community have suc-
cessfully used statistical modeling techniques to segment, classify, annotate and
compress images. Particularly, variations of hidden Markov models (HMMs) have
been developed and successfully applied for image and video processing. The
key issue in using such complex models is the estimation of system parameters,
which is usually a computationally expensive task. In practice, often a trade-
off is accepted between estimation accuracy and running time of the parameter
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estimation method [9]. The matching pursuit (MP) signal coding technique was
developed by Mallat and Zhang [12] and enhanced to code the motion predic-
tion signal by Neff and Zakhor [14]. The task of the MP coder is to measure the
energy of different subunits, each of which represents a motion residual.

Such a statistical information-based estimation highly depends on biological
parameters. In our case, the most important task in efficient echocardiography
image compression is the accurate detection of QRS complexes from the simul-
taneously measured ECG signal. Due to the semi-periodic behavior of the ECG
signal and echocardiography image sequences, the parameters of the patient
model can be more precisely estimated.

Active appearance models (AAM), introduced by Cootes et al. [3], are promis-
ing image segmentation tools that may provide solutions to most pending
problems of echocardiography, as they rely on both shape and appearance (inten-
sity and/or texture) information. Bosch et al. [1] proposed a robust and time-
continuous delineation of 2-D endocardial contours along a full cardiac cycle,
using an extended AAM, trained on phase-normalized four-chamber sequences.

An accurate investigation of the physiology and patho-physiology of the heart,
besides studying the electrical activity and spatial distribution of its structures,
must also consider the movement of these structures during normal and abnormal
cardiac cycles. In this order, simultaneous ECG signal and ultrasound image
sequence recording is proposed [20], which reliably supports the localization of
the investigated events.

Several papers have already reported the usage of spatial AAM [13,18]. The
present work has the following contributions: (1) we developed a heart recon-
struction algorithm including time-dependent wall boundaries, to estimate the
image variances, that allow a better compression rate than conventional methods
at a fixed image quality; (2) reported techniques classify ultrasound images only
as belonging to systolic or diastolic interval. Our approach distinguishes normal
and extra beats, and processes the corresponding images accordingly.

2 Materials and Methods

Simultaneous echocardiography sequence recording and ECG signal measure-
ment were carried out at the County Medical Clinic of Târgu-Mureş, using a
2-D echocardiograph that produces 30 frames per second, and a 12-lead ECG
monitoring system that samples at 500 Hz frequency and 12-bit resolution. Each
image frame received a time stamp, which served for synchronization with ECG
events. Two different series of measurements were recorded. The first series,
which served for AAM training, consisted of 35 patients (12 of whom having
extraventricular beats), 20 ultrasound sequences for each patient, of 10-15 sec-
onds length each, with previously established transducer placements. Based on
these data, an a priori information database was created, which organized the
ultrasound images grouped by corresponding ECG events.

The second series of measurements, which involved 8 patients, consisted of
two stages. In the first stage, the same measurements were performed, as in the
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first series, in order to provide patient-specific training data for the AAM. In
the second stage, several measurements of the same individuals but recorded in
different moments were performed using different placements and positions of
the transducer. In this order, image sequences were recorded at 8 parallel cross
sections in horizontal and rotated (45◦ to the left and to the right) positions
with a 1 cm inter-slice distance. We used 10 common axis planes that were
placed at the front, lateral and back side of the torso, resulting for each patient
10 × 8 × 3 = 240 image sequences of 2-3 seconds duration.

The duration of the recorded image sequences was restricted by the semiperi-
odic behavior of the ECG signal. The spatial movement of the heart is con-
strained by the course of the depolarization-repolarization cycle [19]. The studied
ECG parameters were: shape of QRS beat, QT and RR distances. These param-
eters characterize the nature of a QRS complex, and were determined as pre-
sented in [19]. ECG event clustering was accomplished using Hermite functions
and self-organizing maps [10]. Two main event clusters were created: normal
and ventricular extra beats. This latter group, because of the patient specific
manifestation of ventricular extras, had to be dealt with separately patient by
patient. QRS beats not belonging to any cluster were excluded from further pro-
cessing, together with their corresponding ultrasound sub-sequences. A further
condition for normal QRS complexes to be included was having RR distance be-
tween 700-800 ms and QT distance between 350-400 ms. A detailed presentation
of ECG processing is presented in Fig. 1.

The time-varying evolution of the cardiac volume is determined by the in-
terconnection of electrical and mechanical phenomena. In a whole cardiac cycle
there are two extremity values. The maximal volume can be coupled with the
starting moment of ventricular contraction. The moment of minimal volume
shortly precedes the termination of ventricular contraction, but is much more
difficult to identify, due to the dead time of a normal cardiac cell. This delay is
caused by the behavior of a regular cardiac cell, whose electric response precedes
with 60-80 ms the mechanical contraction [21]. The combination of the electrical
and mechanical properties of the heart and the usage of knowledge-base allowed
us to create a performance evaluation module, shown in Fig. 2, that determines
the most probable wall position. This image presents an overview of the image
processing and volumetric reconstruction procedure. The first algorithmic step is
noise elimination. Speckle noise represents a major difficulty to most ultrasound
imaging applications [6]. In our case, the suppression of such phenomena was
accomplished using the well-known motion adaptive spatial technique presented
in [20]. Due to the measuring technique of traditional echocardiography, the ob-
tained images are distorted. In order to become suitable input for 3-D processing,
they need to go through a normalization transform. Every recorded ultrasound
slice is represented by a plane, whose spatial alignment depends on the position
and rotational angle of the transducer. The normalization process also takes into
consideration the distance of each image pixel from the transducer.

The AAM was trained using the spatial position of each slice recorded in the
first measurement series. By averaging these spatial distributions, a mean 4-D
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Fig. 1. The proposed ECG signal filtering, processing and compression

Fig. 2. The data recording and analyzing procedure: all echocardiography and ECG
data go through the same processing module. The AAM is constructed from the mea-
surements of series 1, and fine tuned afterward using the patient specific data resulting
from series 2 stage 1. Stage 2 data serve for the detailed cardiac volumetric analysis.
Reconstructed 3-D objects are finally aligned using an iterative LMS-based algorithm.

Fig. 3. Residual data construction and distortion analysis using the recorded image,
heart beat phase information and AAM-based 4D organ shape to determine the most
probable image in the next cycle. As the y(n + 1) output signal is obtained, a WDD
and PRD-based distortion analysis is performed, using image features given by AAM.
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heart shape model is obtained, which will be the base shape of the AAM [1,11].
Landmark points are determined as by Mitchell et al. [13]. The sparse character
of the obtained spatial description model doesn’t allow the landmark points have
3-D texture information, so we restricted the texture to 2-D.

Subjects have their own specific, time-dependent inner structure, which can-
not be properly approximated from a population of few dozens of individuals. In
order to make further adjustments to the AAM, the base structure was adjusted
to the patient using the measurements made in the second series, first stage. The
landmark points determined on the images recorded during the second stage of
the second series allowed us to create a 3-D distribution point model, which
was established according to [13]. Having the distribution points established,
the AAM will be enabled to adjust itself to a diversity of biological factors like
the phase of ECG and breathing. A detailed description of the manifestation of
these phenomena and the model adaptation is given in [18]. Our algorithm acts
similarly, but it treats the cardiac cycle differently: not only systolic and dias-
tolic phases are distinguished, but also a QRS complex clustering is performed
to give different treatment to normal and ventricular cardiac cycles.

Spatial texture maps are determined via averaging [18]. The visual aspect
of the heart and its environment, because of their mutual motion, is changing
in time. AAM models only include information on the texture situated within
the model. The time dependent representation of the ultrasound slices obtained
from the large stack of sequences enabled us to accurately determine the 4-D
structure of the heart [13]. The iterative algorithm of the AAM demands the
comparison of measured and expected shapes. The AAM was adjusted using a
quadratic cost function, until the desired accuracy was obtained.

Due to its adaptive behavior, the compression method can handle patient-
dependent data and efficiently separate the measured artifacts from the useful
signal. The proposed signal compression algorithm consists of the following steps:

– Intelligent image sequence analysis and filtering, that involves the automatic
recognition of echocardiography image, ECG signal and various changing and
constant labels and letters that appear on the recorded image sequence;

– Background selection (the constantly dark region);
– ECG signal processing (see Fig. 1);
– Segmentation of ultrasound image (see Fig. 2);
– Calculation of the heart’s 4-D shape (3-D + time) using AAM;
– Estimation of probable image;
– Residual signal estimation, 2-way entropy coding and back-estimation.

Compression results were evaluated using the percentage root mean square dif-
ference (PRD) and weighted diagnostic distortion (WDD) [26]. WDD measures
the relative preservation of the diagnostic information (e.g. location, duration,
intensity, shapes, edges) in the reconstructed image. These diagnostic features
were determined by physicians. The distortion estimation and signal (ultrasound
image and all auxiliary data) coding process is presented in Fig. 3.
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3 Results

Figure 4(a) presents two series of ultrasound slices indicating the contour of the left
ventricle of the 2nd patient, detected during a ventricular contraction. The two
columns of slices show two different views, having 60◦ angle difference. The four
slices in each column represent subsequent images of the sequence, showing the
approximately 100 ms duration of a ventricular contraction. Figure 4(b) exhibits
the sameultrasound slices after beingnormalized, that is, transformed toEuclidean
space. Figure 4(c) shows twodifferent reconstructed 3-D shapes of the left ventricle.

Figure 5 presents the decoded echocardiography images at various compres-
sion rates. The variation of RMSE level against inverted compression rate is
shown in Fig. 5(e). The RMSE graph was created for an averaged normal QRS
beat shape, and average RR and QT distances.

Fig. 4. Results of shape reconstruction: (a) and (b) time varying 2-D contour of the
left ventricle before and after normalization, (c) reconstructed 3-D structure of the left
ventricle

4 Discussion

The recognition of the relation between echocardiography images and simul-
taneously recorded ECG signal is a key element in efficient image sequence
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Fig. 5. Results of image reconstruction: (a) original image, (b) decoded image at 1/22
compression rate, (c) decoded image at 1/39 compression rate, (d) decoded image
at 1/54 compression rate, (e) representation of root mean square error (RMSE) vs.
inverted compression rate, (f) feature-base corrected image at 1/22 compression rate,
(g) feature-base corrected image at 1/39 compression rate, (h) feature-base corrected
image at 1/54 compression rate

compression (see Table 1). However, various events like aspiration and expiration
may influence the measured data. During a whole cardiac cycle, the shape and
volume of the left ventricle changes considerably. It is difficult to determine the
performance of the reconstruction method for the sporadically occurred ventric-
ular extra-systolic beats. Even for patients that produce at least five extra beats
with similar shapes in each minute the reconstruction performance remains well
below the normal QRS cluster’s accuracy, due to the sparse distribution of the
processable slices.

From Fig. 5 we can observe that even a well-working WDD correction method
cannot handle a compression rate better than 1/60 without a serious image
distortion that can lead to wrong medical diagnosis. Table 1 demonstrates the
higher performance of the proposed image compression method, that exists due

Table 1. The obtained inverted compression rates obtained for normal beats, at var-
ious RMSE levels, using the following methods: Wavelet-based compression, Image
comparison-based estimation, ECG and echocardiography image compression using
QRS long-term prediction (LTP), JPEG 2000, Matching Pursuits, proposed AAM-
based compression

Compression Method vs. RMSE 1% 2% 3% 4% 5%

Wavelet-based compression [8] 10.2 15.4 17.3 18.8 19.9
Image comparison [22] 14.2 21.2 24.0 26.1 27.8
QRS and LTP image comparison [26] 17.4 26.6 29.6 31.8 33.7
JPEG 2000 13.7 20.5 23.2 25.1 26.6
Matching pursuits [12] 15.7 22.9 27.1 29.5 31.4
Proposed AAM-based 22.7 36.3 40.2 44.1 47.7
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to the advanced QRS beat analysis and spatial AAM-based organ reconstruction.
Such an analysis can lead to a much better ’estimated image’ quality that reduces
the amplitude of the residual signal. The improvement brought by the proposed
method is more relevant in case of normal beats, because the AAM can better
adapt itself to their characterization due to their higher incidence.

5 Conclusions

The investigation of simultaneously recorded ECG and echocardiography images
enables us to study the relations between the electrical and mechanical phenom-
ena concerning the heart. The signal and image estimation is made by using
various priori medical information, and the algorithm yields lower amplitude
residual signal and better compression ratio at given distortion level.

The compression method presented in this paper performs well in case of
normal and quite well for ventricular beats. The presence of pathological image
and signal samples may lower the performance difference among the proposed
method and the tested algorithms. This kind of approach of the problem may
result in deeper understanding of electrical and mechanical properties of the
heart, that provides a much efficient compression than other algorithms using
less a priori information.
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