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Abstract

Distortion control is an important issue in maintaining the desired quality in the
retrieved signal of compressed data. A linear relationship between the distortion and
quantization scale is developed, which is crucial for efficient quality maintenance and an
optimized quantization of wavelet transform coefficients and low complex distortion control
system for image compression is proposed in this paper. The sensitive response is caused
without compromising the influences of word-length-growth (WLG) effect and unfavourable
for the reconstruction quality control of ECG data compression. In this paper, the 1-D
reversible round-off non-recursive discrete periodic wavelet transform is applied to overcome
the WLG magnification effect in terms of the mechanisms of error propagation resistance and
significant normalization of octave coefficients. This method can provide wavelet-based
image data compression with a precise linear prediction model, resulting in high compression
performance. The optimization can induce linear relationships among multi-level
quantization scales and enable the control of multi-level quantization scales with a single
variable. To produce the quantization scales formula, curve fitting technique is used which is
controlled by a single value.

Keywords: Wavelet, Distortion control, Quantization scale, Linear Prediction.
1. Introduction

Now a days, through limited bandwidth channels we can transmit massive amount of
real time images and this is only possible due to image compression [1]. The information area
unit within the style of audio, video, graphics, and images. Through transmission process,
these types of data can be compressed. During last decade, a range of wavelet based
techniques have been developed for image compression [2, 3]. Encoder and decoder are
based on such algorithms to minimize the number of memory [4]. Associate algorithmic rule
which minimizes PSNR is delineated in [5] and it is embedded, called Rate distortion
Optimized Embedding. Due to de-correlation property DWT [6] has gained so much
popularity but several trendy image compression systems deals DWT as middle transform
stage. When DCT was introduced, a lot of work was done on compression algorithms.
Several codec algorithms were introduced to compress maximum amount of transform
coefficients which amount can attainable but for this purpose we have to make a compromise
between CR ratio and the quality of image. It is very difficult to achieve high compression
ratio without discarding some perceptible information [5, 6, 7]. In this way it is proved that
the rate of compression is application dependent. A lot of work has been done on Wavelet
transforms over the last decade. For images mostly used coding algorithms based on wavelet
transform are: EZW [8], STW [9], SPIHT [10] and WDR [10, 11]. For image compression, a
really effective technique is wavelet coding which is considerably proved as a better
algorithm than other algorithms because its efficiency is much better than other computed
efficiency of image compression techniques. Now, compression systems use bi-orthogonal
wavelet.
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Bior is wavelet family it uses bi-orthogonal wavelet which is bior wavelet family. It is
a real fact that it is not energy preserving but this thing can’t effect its use because it is not a
huge drawback. Now we are going to differentiate between orthogonal wavelet and bi-
orthogonal wavelet. The main difference is that in orthogonal wavelet associated wavelet
transform is orthogonal but in bi-orthogonal wavelet, the associated wavelet transform is
invertible however not essentially orthogonal but there are some coefficients of linear phase
bi-orthogonal filter which are so much close to bi-orthogonal. Bi-orthogonal wavelet has
symmetric filters and it also permits the employment of a way broader category of filters.
Linear phase filters are used in bi-orthogonal wavelet transform so this is so much
advantageous in this sense because with the help of symmetric inputs we can obtain
symmetric outputs which are given once. With the help of this transform we can solve many
issues like coefficient expansion [12] and broader discontinuities.
A.
2. Nonlinear Quantization Scheme with Linear Distortion Characteristic

Essentially, the goal of the iterative process of error control loop is to refine the
quantization scales of all decomposition levels until the distortion is located in a tolerable
region. The refining process needs to predict a quantization scale for next iteration. Linear
prediction model can be one of the favourites due to its simplicity and efficiency. However,
linear prediction model can only be suitable for linear compression performance. In this
section, a new multivariable quantization scheme based on the 1-D RRO-NRDPWT and the
significance normalization process is developed. The quantization scale design is conducted
according to three criteria: 1) using a variable QF to determine the quantization scales of all
decomposition levels; 2) maintaining the three variables: PRD, CR, and QF, in linear
relationship; and 3) decreasing the gradient of the PRD—CR curve.

Let d*,- be a vector encompassing reversible wavelet coefficients of the | level. The
quantization process can be defined as follows:

S"o=tr(s*/boc) and d'j=tr(djic) (1)

where tr(dxj) denotes the truncation process that truncates each element of d*jto an
integer, and bpc and C; are quantization scales of the j™ level. In the inverse quantization
process, each retrieved datum will be compensated by half of the quantization scale, namely

S"pand d’j=bpc(s*+0.5sign(s*))=c; (d*+0.5sign(d*)) (2)

where sign(d+j) denotes the sign vector ofd¥, e.g., givend¥ =[-2,3]; then sign
(d%)=[—1,1]. For the determination of quantization scales, we define c; as follows:

Ci=Cy[j] SNFj 3)

where SNFj is the significance normalization factor and Cp[j] is an adjustable
parameter.

By using a dataset (given in SectionV), the influence of Cp[j]is explored
in Figs. 1 and 2, where the mean values of entropy and PRD of each level are depicted,
respectively. In comparison with the round-off process [15], the curves derived by the two
methods are similar in shape, except for the scale. This similarity is a result of the
significance normalization of octave coefficients. With the same PRD value, the truncation
process can yield less entropy. This implies that the compression performance of the
truncation process can also be improved. The significance normalization mechanism can
effectively reduce the searching area of Cy[j] in an 11-dimensional space to obtain an
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approximately linear PRD-CR curve. Based on the similarity, we choose 16 points in the
PRD-CR curve derived in [15]. For each point, the corresponding C,[j] for j=0,—1,...,—9 was
multiplied by a scalar, with the new scale C,[j] used as the centroid of a searching area. By
using (3) and (4), the selection of new quantization scales Cp[j] from 16 areas is based on a
line fitting method that minimizes both the gradient and least square error. Here, we note that
the new Cp[j] is by no means a globally optimal solution due to the restriction of searching
area. Finally, we define a polynomial function fj(x) for each octave to fit the Cy[j] values with
16 integers, namely, fj(QF)=cp[j] for QF=1,...,15.

The C,[j] determined by some values of QF is shown inFig.3. InFig.3, it is
observable that three high octaves C,[j]; j = 0, —1, —2, are maintained in small values even in
a high CR situation. For the low octaves —9 < <—4, the cp[j] curve is approximately linear
for each QF and the gradient of the curve increases very fast with respect to QF. As shown
in Fig. 6, each QF can provide a set of nonlinear quantization scales for all levels.

entropy

0-0--0-0--0--0--0 || ...p... :
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Fig 1. Influence on entropy by C,[j].
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Fig 2. Influence on PRD by Cj[j].
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Fig 3. Values of C,[j] determined by the factor QF. Note that QF=2n lies
between QF=2n—1 and QF=2n+1.

For exploring the linear control performance of QF, all 48 ECG signals recorded in
the MIT-BIH arrhythmia database were used. Each signal contains about a 15-min length of
sampled data. The investigation results are depicted in Fig. 4, where large variance can be
found for QF>16. However, Fig. 4 reveals that an approximately linear relationship between
PRD and QF can be obtained for all signals with different gradients.

35

Fig 4. PRD-QF curves of 48 ECG signals derived by the proposed quantization scheme.
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Linear Prediction Algorithm for High Efficient Error Control Loop
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An RRO-NRDPWT-based ECG data compression system with linear quality control
function is shown in Fig. 5, where the dashed-line block indicates the functional processes of
an error control loop. PRDT, denoting the target PRD, is a specified value. The error control
loop requires two buffers for temporarily saving a segment of originally sampled data SJ and
reversible transformed data d*, respectively. At the beginning of each segment,
coefficients d* will be fed into the error control loop and a buffer. The data temporarily saved
in the buffer are used for an iterative quantization process. Quantized data d* can be further
compressed by lossless SPIHT encoder only when the distortion is less than a tolerable
bound. This design can effectively reduce the power consumption of SPIHT encoding and

data transmission.
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Fig 5. RRO-NRDPWT-based ECG data compression system with reconstruction quality guaranteed function.

The error control loop procedure is described as follows

PRDr a target for retrieved quality of quantized coefficients, ¢ tolerable bound defined

in Fig. 5.
1. Set the parameters and let loop=0, QFy=QFgefautt.

2. Refine quantization scale with a linear QF prediction algorithm defined as follows:

1. If loop=1, set

a) QFi00p = @QFio0p-1+(a—1)4

b) where a = PRD1/PRD)ggp-1.

2. If loop>1, set

c) Q I:Ioop:QFIoop—l"'b(QFloop—l_QFloop—z)

3. Quantize wavelet coefficients d* using: QFoop.
4. Take inverse quantization and inverse 1-D RRO-NRDPWT.

5. Compute the value of PRD
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6. Control the quality with a logic decision given in the following:

If( PRD—PRD+|)/PRDt>¢, then loop=loop+1; select data from buffer; go to
Step 2;
else

QFo=QF00p assign the initial QF for the next segment; loop=0; close the
switch for saving compressed data; go to Step 2.

QF is a quality control parameter used to determine the quantization scale. For
reconstruction, QF value should be transmitted before the transmission of compressed ECG
data. With this aim, it is desirable to represent QF value with an integer. The linearity of
PRD-QF curve permits QF value representation using uniform quantization without the cost
of precision and convergence speed in a low bit rate situation. After investigating all the ECG
signals in the MIT-BIH arrhythmia database, it is sufficient to range QF value from 0 to 32.
This range will be uniformly quantized into 512 levels with quantization steps equal to
0.0625. In Step 2, the computed QFo0p Value will be assigned to the nearest quantization
level. QFgeraui: denotes a default QF value used for the first segment of a signal when loop=0.
A proper QFgeraurt i useful for increasing the convergence speed of the first segment; for this
sake, we use the average PRD—QF curve derived from Fig. 4 for QF gefaui determination with

QF deraut=PRD13221.96—-0.76+0.76. (4)

Similarly, the value derived in (4) will be assigned to the nearest quantization level. The
three QFgerauic are 5.3125, 9.8125, and 14.375, corresponding to PRDT= 3%, 6%, and 9%,
respectively. Here, we note that the QFgesauit Values can be only suitable for the MIT-BIH
arrhythmia database. For other segments, the QFO of current segment is assigned as the final
QF (i.e., QFjo0p) Of the previous segment. The experiments using all of the ECG signals in the
MIT-BIH arrhythmia database show that with this initial QF definition, 20% of all of the
segments can achieve convergence in the first loop without the need for iteration.

4. Experimental Results and Discussion

For system realization, it is desirable to reduce the computational complexity and
iterations of the error control loop. Theoretically, the convergence can be achieved within
two iterations when the relationship between PRD and QF is exactly linear, because the
compensation A defined in the linear QF prediction model is a constant for each signal.
However, the experiments showed that iterations increased as PRDt was increased. This
implies that the actual PRD—QF curve is not linear due to the use of fixed quantization scales.
Generally, a more linear PRD-QF curve can obtain faster convergence speed and more
precise control. Without losing the generality, the same reconstruction quality control scheme
associated with the same quantization scale is also applied for the 28 signals in the MIT-BIH
ST change database [29].

Lossy ECG data compression is meaningful only when the clinical information can be
preserved. The study in [23] claimed that the energy spectrum of QRS complex will range
from 1 to 40 Hz, and almost centered around 17 Hz. The T-wave recording the action of
ventricular repolarisation always appears after the QRS complex and can occur in various
shapes. The frequency distribution of T-wave is almost below 6 Hz. The duration of the P-
wave recording the action of atrial depolarization generally is about 100 ms. The P-wave
normally appears before the QRS complex, but some heart diseases may cause the P-wave to
appear at different locations with every beat. The frequency distribution of the P-wave is
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almost below 10 Hz [24]. These studies claimed that the clinical information, including the
ST segment [29], only occupies a low-frequency spectrum. For a sampling rate of 360 Hz,
clinical information will be dominantly involved in the wavelet coefficients d*; with j>—7,
where the bandwidths of levels j=—7 and —6 are 8.4-45.7 Hz and 4.2-22.5 Hz, respectively.
A detailed frequency bandwidth description of wavelet channel filters can be found in [29].
The relative quantization error analysis between levels is helpful for comprehending the
capability of clinical information preservation in the quantization scheme. For this purpose,
an experiment of quantization process for QF=1, 2,...,23 was taken. The transformed data
were simulated with random numbers generated in the range of [500, —500], where 100
random datasets were used. For each QF, the quantization errors of each octave (i.e., j=—9 to
0) were calculated and inversely transformed for computing the reconstruction
error Ej=(lerr;il)/N, where err; denote the reconstructed error provided by the i octave's
quantization errors. The percentage of the relative reconstruction errors defined
as (3.100Ej/> 100E-7)*100% is shown in Fig. 6. For QF=1, the percentage value becomes large
because the reconstruction error of j=—7is very small. In general, the reconstruction error will
be fast decreased as the level is increased. This property can effectively diminish clinical
information loss in high CR situation. An ECG data compression result is demonstrated
in Fig. 7. In Fig. 7(b), a reconstruction of low CR case, the reconstructed signal is smoother
than the original signal, but shape can be kept well. A result of high CR case is shown
in Fig. 7(c) and (d), which is derived with RRO-NRDPWT and SPIHT schemes, respectively.
The two examples show that notable shape distortion will first appear around the QRS
complex (before and after) when CR is increased.

. QF=l —-—-- QF=3
1 F|=--—-QF5 ——-——-QF
“eeX--- QF=9  —-%--QF=11
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Fig 6. Relative reconstruction error induced by the quantization scale of every level.
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Fig 7. Demonstration of some ECG data compression results. (a) Original signal. (b) Reconstruction of low CR case. (c) and
(d) Reconstruction of high CR case in using two compression methods.

The computational complexities required for variant wavelet-based quality control
methods are shown in Table IX. Using an IBM PC with MS Windows XP, Pentium-4
3.4GHz CPU, and 512 MB RAM, the execution time (T) of an error control loop of the
proposed system was found
as T=t(quantization)+t(quantization *)+t{(RRO-NRPDWT })+t(PRD)=0.095+0.057+0.252+0.
083=0.487ms. This implies that for loop>3, the process of error control loop cannot be
finished during a sampling period. Based on the results here, it is concluded that with high-
quality control, the proposed system can satisfy the real-time requirement in most cases.

E.
5. Conclusion
F.

The quantization design is based on the 1-D RRO-NRDPWT that can effectively
eliminate the WLG magnification effect and facilitates significant normalization of octave
coefficients. For reconstruction quality control, an efficient multivariable quantization
scheme with linear distortion characteristic has been developed in this paper. The
quantization scheme has robust capability for preserving clinical information in high CR
situation. With the advantages of single control variable and linear compression performance,
a linear quantization scale prediction model is also presented for efficient reconstruction
quality control. Experimental results based on the MIT-BIH arrhythmia database reveal that
the proposed system is superior to other wavelet-based approaches in regard to both
compression and reconstruction quality control performances.
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