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Abstract: Ultrasonic systems are widely used in imaging applications for non-destructive evaluation, quality assurance and
medical diagnosis. These applications require large volumes of data to be processed, stored and/or transmitted in real-time.
Therefore it is essential to compress the acquired ultrasonic radio frequency (RF) signal without inadvertently degrading
desirable signal features. In this paper, two algorithms for ultrasonic signal compression are analysed based on: sub-band
elimination using discrete wavelet transform; and decimation/interpolation using time-shift property of Fourier transform.
Both algorithms offer high signal reconstruction quality with a peak signal-to-noise ratio (PSNR) between 36 to 39 dB for
minimum 80% compression. The computational loads and signal reconstruction quality are examined in order to determine
the best compression method in terms of the choice of DWT kernel, sub-band decomposition architecture and computational
efficiency. Furthermore, for compressing a large amount of volumetric information, three-dimensional (3D) compression
algorithms are designed by utilising the temporal and spatial correlation properties of the ultrasonic RF signals. The
performance analysis indicates that the 3D compression algorithm presented in this paper offers an overall 3D compression
ratio of 95% with a minimum PSNR of 27 dB.
1 Introduction

One of the major challenges in ultrasonic imaging
applications is the large volumes of radio frequency (RF)
data. Therefore ultrasonic RF signal has to be compressed
as much as possible without degrading the reconstruction
quality. The compressed data can be rapidly transmitted to
remote locations for archiving and further analysis. Raw RF
signal preserves the important information within the signal
[1] with direct and precise interpretation for medical
diagnosis. In ultrasonic non-destructive evaluation
applications, the backscattered RF signal has information
about the geometric shape, size and orientation of the
scatterers within the propagation path [2, 3].
By analysing the requirements of the ultrasonic imaging

applications, it can be agreed that finer details within the
signal are highly critical for tissue characterisation,
detection and estimation of defects within materials.
Therefore compressed ultrasonic RF signal has to be strictly
recoverable with very high signal accuracy. For
high-definition data and detecting small and transient
features within the signal, it is a general practice to sample
the signals at much higher rate than one analytically may
require (Nyquist rate) capturing the essence of the signal.
This oversampling helps to obtain a high time resolution so
that the arrival time and the amplitude of the echoes can be
precisely detected. However, oversampling generates huge
amount of data with redundant information, which has to be
removed during compression. Hence, we analyse two
methods for ultrasonic RF signal compression with the
objective to maintain high compression ratio and high
signal reconstruction quality. These methods are: (i)
Discrete wavelet transform (DWT) [4, 5] based
compression using sub-band elimination, and reconstruction
using inverse DWT (IDWT); and (ii) Compression using
decimation, and reconstruction using interpolation by
utilising the shift properties of Fourier transform.
The uniqueness of DWT is that the multistage sub-band

decomposition structure can be carefully designed to isolate
the high energy sub-bands. Furthermore, by choosing the
most suitable wavelet kernel, different types of signals can
be efficiently compressed based on the frequency
localisation. In this study, the compression performance is
analysed on both the broadband and narrowband echoes for
various wavelet kernels. These results are extremely
important because of the changes in behavior of the
compression algorithms with changes in bandwidth and
selection of wavelet kernel. On the other hand, compression
by decimation does not involve any computations. The
shift-property of Fourier transform is used to recover
the decimated samples and to interpolate and reconstruct the
signal, including the actual peaks of the signal which might
have missed because of decimation.
The performance of the compression is analysed based on

the following parameters: peak-signal-to-noise-ratio (PSNR),
compression ratio (CR) and correlation coefficients between
the original signal and the reconstructed signal. PSNR is
defined as 20 log10(ρ/σ), where ρ is the maximum sample
value in original A-scan and σ is the root mean square error
between the original and the reconstructed signal samples.
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PSNR is a practical indicator of the overall quality of signal
reconstruction. The algorithms discussed in this study
emphasise on achieving high PSNR with maximum CR.
Furthermore, the similarities between original and
reconstructed signal features such as peaks are directly
examined and supported by signal correlation characteristics.
Volumetric information demands three-dimensional (3D)

scanning and consequently considerable RF signal data
collection. Therefore the compression of volumetric RF data
becomes an essential part of the data analysis and
diagnostic process. In this study, the compression is
performed on 3D block of data through successive 1D
compression on each of the three directions (x, y and z). In
particular, we analyse how the PSNR varies depending on
the CR and the correlation properties among 3D ultrasonic
experimental measurements.
This paper is organised as follows. Section 2 examines the

application of DWT for compressing ultrasonic RF signals
with the emphasis on achieving maximum compaction for
narrowband and broadband ultrasonic echoes. Section 3
provides an alternate method for compressing ultrasonic RF
signal by decimation. This section also presents a detailed
mathematical analysis for interpolation and recovery of the
compressed RF signals. Section 4 evaluates the signal
reconstruction quality and computational loads of DWT and
decimation based compression methods. Section 5 presents
the design and analysis of 3D data compression techniques
applied to ultrasonic experimental data.

2 DWT based compression

Certain signal transforms are suitable for data compression
because of their data decorrelation and energy compaction
properties. For example, discrete transforms such as
Karhunen–Loeve transform (KLT), discrete cosine
transform (DCT) [6], Walsh–Hadamard transform (WHT)
[7] and DWT [4] have these properties to various extents.
Even though KLT gives optimal data compression, the data
dependence of the KLT kernel limits its application for
practical purposes. On the other hand, DCT, WHT and
DWT are data independent and thus facilitate efficient
implementations of the compression algorithms [8, 9]. The
data compression performance varies based on the
ultrasonic echo shape and signal bandwidth. DWT is
superior in the compression of broadband ultrasonic RF
signals, while DCT and WHT perform better for the
compression of narrowband signals [9].
Multilevel DWT performs sub-band decomposition using

lowpass and highpass filters, wherein a significant portion
of the signal energy is localised in the low frequency region
Fig. 1 DWT 4-level wavelet packet decomposition
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for ultrasonic applications [5]. This approach is known as
wavelet packet decomposition and it is shown in Fig. 1 for
a 4-level sub-band decomposition. The sub-bands with very
low energy can be eliminated [10]. Since location and size
of the eliminated sub-bands within the whole spectrum are
pre-determined, signal information for these sub-bands are
not stored and/or transmitted. The higher the sampling
frequency compared with the Nyquist rate, the more levels
of decomposition is possible, which allows better isolation
of high energy sub-bands to maximise compaction with
high signal reconstruction quality.
To demonstrate the efficiency of wavelet packet

decomposition, an ultrasonic A-scan with 2048 samples
consisting of many reflected and interfering echoes as
shown in Fig. 2a is decomposed using DWT structure
shown in Fig. 1. Fig. 2b shows the decomposed sub-bands
{LLLL, LLLHL, LLLHH, LLHL, LLHH, LH, H}, which
indicates that the actual information within the signal is
localised into the low frequency sub-bands.
Fig. 2b confirms that H, LH and LLHL sub-bands which

constitute 79% of the signal samples have almost zero
energy and can be discarded, indicating 79% compression.
Ultrasonic RF signals in general fall into two categories

based on their bandwidth, referred to as broadband and
narrowband. Broadband transducer may need to be utilised
in order to acquire high resolution signal for detecting and
isolating multiple echoes corresponding to physical
characteristics of complex objects. However, narrowband
transducer is suitable for higher detection sensitivity [11]
and imaging deep within the objects. The performance of
DWT based compression for broadband and narrowband
differs depending on the wavelet kernels used for
compressing the signals. Therefore in this study, both
broadband and narrowband signals are analysed for their
compression performance.
The best compaction can be achieved by properly choosing

the right wavelet kernel to decompose the ultrasonic signal.
The kernel must be chosen for best compaction such that
energies of most of the sub-bands are small, and can be
eliminated without affecting quality of signal reconstruction.
This scenario depends on regularity, number of vanishing
moments of scaling function of the kernel and size of the
support [12, 13]. Compactly supported wavelets are most
suitable to analyse high frequency components [13].
Therefore four orthogonal and compactly supported
wavelets namely Haar [14], Daubechis [13], Symmlets and
Coiflets [14] are used in decomposing ultrasonic RF signals
to analyse the experimental results to decide the right
wavelet kernel offering maximum compaction. Daubechies
(Db) wavelets are orthogonal, compactly supported and
IET Signal Process., 2015, Vol. 9, Iss. 3, pp. 267–276
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Fig. 2 Ultrasonic A-scan with 2048 samples consisting of many reflected and interfering echoes and the decomposed sub-bands

a Ultrasonic A-scan with 2048 samples with the sampling rate of 100 MHz using 5 MHz ultrasonic transducer
b Four-level DWT coefficient plot within sub-bands of the A-scan
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continuous. The high similarity between the Daubechies10
(Db10) wavelet function [13] and ultrasonic echo [15]
indicates that Db10 will be more suitable for compacting
ultrasonic echoes. This is confirmed by our experimental
results given in Table 1. By increasing the support width,
Db wavelet becomes smoother and provides better
frequency localisation.
In pulse-echo ultrasonic testing, the backscattered echo

from a flat surface reflector or point reflector can be
modelled as Gaussian echo [15],
s(u; t) = be−a(t−t)2 cos 2pfc(t − t)+ f

( )
where the signal

parameters of the echo are α, the bandwidth factor, t, the
Table 1 PSNR and correlation coefficient results for
compression of broadband and narrowband Gaussian echo
using various wavelet kernels

Broadband echo
(ηBW = 0.8)

Narrowband echo
(ηBW = 0.5)

PSNR,
dB

Correlation
coefficient

PSNR,
dB

Correlation
coefficient

Db10 44.15 0.9995 34.52 0.9970
Haar 29.26 0.9840 23.57 0.9625
Coif1 34.48 0.9952 28.23 0.9873
Sym2 36.12 0.9967 28.64 0.9885
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arrival time, fc, the centre frequency, f, the phase and β,
the amplitude. Gaussian function is suitable for
time-frequency analysis because it is optimally concentrated
in both time and frequency. For a Gaussian echo,
bandwidth that contains 98% of the signal energy is
BW98% = 0.382

��
a

√
[15]. The normalised BW (which is the

inverse of Q-factor) is expressed as hBW = 0.382
��
a

√
/fc,

where fc is the centre frequency. For this study, ηBW = 0.5 is
considered as narrowband. ηBW value >0.5 is considered
broadband. To analyse the performance of wavelet kernels
for broadband and narrowband signals, Gaussian echoes
with ηBW ranging from 0.2 to 0.8 are generated and
sampled at 100 MHz. A 3-level DWT is performed on these
echo samples. 15 most dominant DWT coefficients are
preserved, and the remaining coefficients are eliminated.
This provides 93% compression.
The PSNR and correlation coefficient between original and

reconstructed echoes are calculated for both broadband and
narrowband echoes as shown in Table 1. This table shows
that DWT performs superior for broadband signals
compared with narrowband signals, and Db10 is the best
kernel for signal compaction.
Energy of the 15 preserved coefficients for the various

wavelet kernels is analysed over a wide range of frequency
bands to differentiate the performance of these wavelet
kernels in broadband and narrowband regions. Energy
compaction values (Ratio between Energy with only 15
269
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Fig. 3 Energy compaction values of 15 most dominant coefficients
for narrowband and broadband echoes
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dominant coefficients and Energy with all coefficients) for
narrowband and broadband echoes are plotted in Fig. 3.
From the plot, it is clear that all wavelet kernels perform
well (allows maximum compression) in the broadband
region, however Db10 performs better including the
narrowband region.

3 Decimation and time-shift interpolation

The ultrasonic RF signal is usually oversampled to avoid
aliasing effect and also to provide high resolution sampled
information for detecting the precise amplitude and arrival
time of the echoes. In practice, the signal may contain
unwanted frequency components such as noise with a much
higher frequency band compared with Nyquist frequency of
the most wanted RF signal. Consequently, oversampling
decreases the impact of the fold-over frequency (i.e.
aliasing) and the unwanted high frequency components will
not be aliased into the desirable band of the signal.
Oversampling creates redundant signal information that can
be removed by performing signal decimation without
violating the Nyquist sampling rate. However, to improve
the time resolution of decimated signal as may be required
in certain applications, we developed and analysed an
efficient interpolation method which utilises time-shift
properties of Fourier transform as explained in the
following sections.
The most common interpolation process is linear

interpolation. This method results in acceptable error by
choosing a sampling rate several times higher than the rate
required by the sampling theorem. To remove the
inadequecies, higher order polynomials have to be used for
interpolation. Here, a practical interpolation technique is
developed which incorporates time-shift property of Fourier
transform. This method is highly efficient for reconstruction
of decimated/compressed ultrasonic signal.
Consider a signal s(t) sampled with a sample interval T and

N number of samples

ŝ(t) =
∑N−1

k=0

s(kT )d(t − kT ) (1)
270
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The values of ŝ (t) are only known at kT where k = 0, 1, 2,…,
N–1

s(nT )
[ ] = s(0), s(T ), s(2T ), . . . ..s (N − 1)T

( )
(2)

The discrete Fourier transform of the above sequence is
defined as

S(kV) =
∑N−1

k=0

s(nT )e−jkVnT (3a)

where

V = 2p

NT
(3b)

With this definition, S(kΩ) has N distinct values and is
periodic with period NΩ

S(kV) = S(kV+ rNV); r = 0, +1, +2, . . . (3c)

The original time sequence can be recovered uniquely from
(3a)

s(nT ) = F−1(S(kV)) = 1

N

∑N−1

k=0

S(kV)ejkVnT (4)

The discrete inverse Fourier transform exhibits periodicity in
the same manner as the discrete Fourier transform. Hence

s(nT ) = s(nT + rNT ); r = 0, +1, +2, . . . . (5)

The function s(t) for a given number of samples can be
approximated as [16, 17]

s(t) � T
∑N−1

n=0

s(nT )
sin(2p/T )(t − nT )

p(t − nT )
(6)

where

0 ≤ t ≤ (N − 1)T (7)

Any value of the function between the samples can be
estimated directly from the above interpolation equation.
Major drawback of this type of interpolation is the lack of
computational efficiencies. An alternate interpolation
method would be to use time-shift property of discrete
Fourier transform. If s(nT) is shifted by Δt < T, then

s(nT − Dt) ,=. S(kV)e−jkVDt (8)

To verify the above equation, we substitute nT− Δt for
parameter nT in (4)

s(nT − Dt) = 1

N

∑N−1

k=0

S kV( )e−jkVDT
[ ]

ejkVnT (9)

By direct inspection of the above equation , it can be seen that
the terms in brackets are the discrete Fourier transform of
s(nT–Δt). Therefore by finding the discrete Fourier
transform of the measured sequence and multiplying it by
e−jkΩΔT, one can determine the discrete Fourier transform of
IET Signal Process., 2015, Vol. 9, Iss. 3, pp. 267–276
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Fig. 4 Ultrasonic signal decimation for 80% compression and signal reconstruction by time-shift interpolation, applied on the A-scan signal
shown in Fig. 2a [Only a portion of the original and reconstructed signals are shown here for better clarity]

a Original A-scan
b Original A-scan-decimated by 5
c Reconstructed A-scan-after time-shift interpolation
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the intermediate points. Finally, the inverse Fourier transform
of this term yields the desired interpolated points. The
interpolated sequence obtained by the time-shift method
contains all the information of the original sequence. The
steps for the decimation and time-shift interpolation
algorithm applied on the A-scan signal shown in Fig. 2a
are described below.

(1) Decimate the original signal by a factor M (portion of
original A-scan signal and decimated signal with M = 5 are
shown in Figs. 4a and b, respectively).
(2) Perform FFT of the decimated signal.
(3) Time-shift the output of Step 2 by multiplying it with
e−jkΩ(mT/M )for m = 1, 2, 3, ..., M− 1
where, k is an integer which varies from 1 to N (N is the
number of samples in the time-shifted signal).
(4) Get the Hermitian conjugate of the spectrums obtained
from Step 3, reverse the elements and append it to the
spectrum of Step 3 to form the complete spectrum.
(5) Perform IFFT of the spectrums obtained from Step 4.
(6) Interleave the time domain signals obtained from Step 5
with the decimated signal from Step 1. This retrieves the
original signal.(portion of retrieved signal is shown in
Fig. 4c).

Decimation by 5 (Fig. 4b) provides 80% compression and
does not require any computations. The signal reconstructed
by using time-shift interpolation (see Fig. 4c) follows the
original signal with high accuracy. The difference between
Figs. 4a and c is only because of the high frequency
measurement noise existing in Fig. 4a, which was removed
by the process of interpolation as shown in Fig. 4c.
The peaks which might have lost during the process of

decimation can be very precisely retrieved by calculating a
Δt shift which is the time-shift of the peak of decimated
signal from the peak of the original signal. The interesting
feature of this method is that it not only identifies the actual
peak value, but also finds the exact time instance at which
the peak occurs. In the measured ultrasonic signal, the time
corresponding to the position of the absolute value of the
IET Signal Process., 2015, Vol. 9, Iss. 3, pp. 267–276
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largest peak is considered to be the reference point, tref. The
largest peak is chosen because of its high signal-to-noise
ratio. Furthermore, the Δt computation is performed only
for the largest peak. The tref must be one of the sample
points, but this is not normally the case because of signal
decimation for compression.
The tref of an analytic function s(t) can be obtained by

∂s(t)

∂t
= 0 (10)

Let us approximate the time limited s(t) in terms of a set of
orthogonal exponential functions (Fourier series expansion)

s(t) =
∑N/2

k=(−N/2)

S(kV)ejkVt; 0 ≤ t ≤ NT (11a)

where S(kΩ) are Fourier series coefficients, and

V = 2p

NT
(11b)

Substituting (11a) into (10) will yield

∑(N/2)

k=(−N/2)

kS(kV)ejkVt = 0 (12)

In the above non-linear equation, an explicit solution for t is
not possible. However, one can make the assumption that
tref is located near a given time t0 by an unknown time Δt

t = t0 + Dt (13)

Rewriting (12) in terms of t0+ Δt

∑N/2

k=(−N/2)

kS kV( )ejkVt0ejkVDt = 0 (14)
271
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Fig. 5 Reconstructed signals by time-shift and zero-pad
interpolation techniques
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Let

Rk = Real S(kV)ejkVt0 ; Ik = Imag S(kV)ejkVt0 (15)

Then, (14) becomes

∑N/2

k=(−N/2)

k Rk cos(kVDt)− Ik sin(kVDt)
[ ] = 0 (16a)

∑N/2

k=(−N/2)

k Ik cos kVDt( ) + Rk sin kVDt( )[ ] = 0 (16b)

For sufficiently small Δt, the Taylor series expansion of sine
and cosine can be approximated

sin(kVDt) ≃ kVDt; cos(kVDt) ≃ 1− kVDt( )2
2

(17)

With such an approximation, (16a) and (16b) becomes

∑(N/2)

k=(−N/2)

kRk

[ ]
− 1

2

∑N/2

k=−N/2

k3Rk

[ ]
V2Dt2

−
∑N/2

k=−N/2

k2Ik

[ ]
VDt = 0

(18a)

∑N/2

k=−N/2

kIk

[ ]
− 1

2

∑N/2

k=−N/2

k3Ik

[ ]
V2Dt2

+
∑N/2

k=−N/2

k2Rk

[ ]
VDt = 0

(18b)

In (18a), all terms in brackets are zero since they are samples
of odd functions and are summed from −N/2 to +N/2.
Solutions of the quadratic (18b) in Δt can be obtained as

Dt = 1

V

−b+
����������
b2 + 4ac

√

−2a
(19)

where

a = − 1

2

∑N/2

k=−N/2

k3Ik ; b =
∑N/2

k=−N/2

k2Rk ;

c =
∑N/2

k=−N/2

kIk

(20)

From the two possible solutions of Δt given in (19), we
choose one that gives the maximum absolute value of s(t).
Equation (18b) has been derived from an approximation for
which Δt does not in general yield the optimal solution.
Therefore an iterative method is adopted which can be
shown as

ti = ti−1 + Dti; i = 1, 2, . . . ., etc (21)

where Δti is an estimated time shift in ith iteration. Practically,
the search for optimal solution is terminated when the
272
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condition

Dti
∣∣ ∣∣ ≤ 10−4T (22)

is satisfied. In the above inequality, T is the sampling interval
of the decimated signal.
The following steps explain the Δt computation.

(1) Locate the time, t0 = kT, (k is an integer) which is expected
to be the closest to tref and corresponds to the location of the
data sequence such that

s t0
( ) = Max s(nT )

∣∣ ∣∣; n = 0, 1, 2, . . . , N
[ ]

(23)

(2) Estimate the Fourier transform of the signal.
(3) Use the discrete Fourier transform values for solving (19).
(4) Compute the shifted time sequence by (9); and check for
the feasibility of the present shift by the following:

s ti+1

( )∣∣ ∣∣ . s ti
( )∣∣ ∣∣ (24)

(5) If terminating criterion (see (22)) is satisfied, go to the next
step, otherwise replace ti by ti+1 and go to Step 2.
(6) Optimal reference time is determined, tref= ti; preserve the
shifted data for further signal processing.

From Fig. 5, we can see that reconstruction by time-shift
interpolation follows the original signal very well,
especially the peaks. Solid line represents the original
signal. Dotted line, which is the reconstructed signal by
time-shift interpolation, exactly follows the original signal,
whereas the dashed line, which represents the reconstructed
signal using frequency domain zero-pad expansion of the
decimated signal (i.e. a simple and efficient signal
interpolation method), does not exactly follow the original
signal, especially the desirable peaks.

4 Reconstruction quality and computational
loads

RF signal reconstruction quality and computational loads
vary according to the type of compression and
reconstruction methods. In this study, two methods are
examined: Compression by DWT and reconstruction by
IDWT (referred to as method-1); and Compression by
IET Signal Process., 2015, Vol. 9, Iss. 3, pp. 267–276
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Table 2 Performance of compression schemes applied to ultrasonic A-scans

Compression
method

Reconstruction
method

PSNR,
dB

Correlation
coefficient

Reconstruction
quality

Computational
speed

Resource
utilisation

DWT IDWT 35.63 0.9984 high low low
decimation time-shift

interpolation
38.68 0.9949 high high high

Ultrasonic A-scan shown in Fig. 2a is used for both methods. Db10 wavelet is used for DWT/ IDWT, and d = 5 is chosen for decimation

www.ietdl.org
decimation and reconstruction by time-shift interpolation
(referred to as method-2).
By carefully selecting the proper decimation factor

according to the sampling rate, the decimation procedure
ensures that none of the actual RF signal information,
including the transient and finer details, is removed during
compression (decimation). In time-shift interpolation of the
decimated signals, all discarded samples are accurately
retrieved and thus the PSNR becomes high. This is also
true for DWT and IDWT because of the perfect
reconstruction characteristics of the quadrature mirror filters
used in decomposition and reconstruction phase.
In this study, computational speed for the compression

schemes are analysed by calculating total number of cycles
required to perform various operations during compression
and reconstruction. Multiplication is the major operation
affecting computational performance of the compression
algorithms. We assume one 16-bit × 16-bit multiplication
executes in one clock cycle. Let N be the number of
samples in the original signal and d be the decimation
factor. One N-point FFT execution requires 2Nlog2
(N ) multiplications [18]. Operations that need computations
are only considered for this performance analysis.
(Operations such as elimination of samples or
re-organisation of samples are assumed to consume very
little time compared with complex operations such as FFT
and multiplications).
DWT/IDWT requires filtering and sub-sampling/

up-sampling operations. DWT with 4-level decomposition
is considered for computational performance analysis. The
lowpass and highpass filters are processed in parallel, and
filtering operation requires 10 cycles for Db10 wavelet [19].
First level of decomposition requires filtering of N samples.
The following levels contain only half the samples from
previous levels. Therefore the second level needs filtering
of N/2 samples. The third level requires filtering of N/4
samples and the fourth level requires filtering of N/8
samples. IDWT requires exactly the same number of
operations, but in the reverse order. Therefore overall
computation time t1 for method-1 (Compression by DWT
and reconstruction by IDWT) is

t1 = 2(10) N + N

2
+ N

4
+ N

8

( )
= 75

2
N (25)

For method-2 (Compression by decimation and
reconstruction by time-shift interpolation), the compression
does not require any computations. Time-shift interpolation
requires one FFT on N/d samples (d is the decimation
factor), followed by (d− 1) complex multiplications of size
N/d, and (d− 1) IFFTs on N/d samples. Assuming each
complex multiplication needs four multiplication operations,
IET Signal Process., 2015, Vol. 9, Iss. 3, pp. 267–276
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total computation time t2 for method-2 is

t2 = 2d
N

d
log2

N

d

( )
+ 4 d − 1( )N

d
(26)

For this method, (d− 1) multiplications and (d− 1) IFFTs can
be performed in parallel, at the expense of additional
hardware resources. Consequently the computational time
will be reduced to

t2−fast = 4
N

d
log2

N

d

( )
+ 4

N

d
(27)

The performance for both methods is summarised in Table 2,
which indicates that both methods offer high signal
reconstruction quality. Method-1 requires only one lowpass
and one highpass filter, and is most suitable for an
application where low resource utilisation is desirable.
Method-2 with parallel operations is recommended for an
application which requires high computational speed at the
expense of large number of hardware resources because of
FFT and multiple IFFT modules.

5 Ultrasonic data acquisition and 3D data
compression

Medical imaging aswell as industrial NDE applications requires
processing of volumetric information. This information is
collected by the process of 3D scanning and massive RF
signal data acquisition. Therefore careful analysis is required
to acquire and compress 3D volumetric RF data. For this
study, the performance of 3D compression is evaluated
using both DWT and decimation/interpolation methods.
In volumetric ultrasonic data compression, data sets (slices)

are organised into a 3D block (128*128*2048 samples) as
shown in Fig. 6a and consequently this block of data is
compressed to remove the inter-slice data redundancy in x,
y and z directions as shown in Fig. 6b.
The experimental data was generated using a steel block

specimen and a 5 MHz, 0.375″ diameter ultrasonic
transducer. A 2″ × 2″ surface of the steel block was scanned
for inspection. The step size (distance between each
measurement point) is kept as 0.44 mm to ensure no
information is missed within the specimen.
High frequency ultrasonic RF signal introduces high spatial

resolution during the data acquisition process. Although the
neighbouring A-scans are highly correlated, they may be
misaligned by a few samples. Cross correlation between
two neighbouring A-scans can be used to find a good
estimate of misalignment between two neighbouring
measurements. The cross correlation estimate for A-scan ‘p’
and A-scan ‘q’ can be expressed as (see (28) at the bottom
of the next page)
273
& The Institution of Engineering and Technology 2015

 October 02,2020 at 06:27:55 UTC from IEEE Xplore.  Restrictions apply. 



Fig. 6 Data sets (slices) are organised into a 3D block

a 3D ultrasonic data block
b 3D compressed data
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We can choose one particular A-scan in a row (as the
reference A-scan), and calculate the relative shift, m, of all
other A-scans with respect to the reference A-scan. The
optimal relative shift of A-scan ‘p’ with respect to A-scan
‘q’, mp,q, can be expressed as

mp,q = max
m

Rp,q m[ ]
{ }

(29)

Since the neighbouring A-scans are highly correlated, in
practice, the required shifts of the data for signal alignment
are only a few samples. If we align the signals to estimate
maximum correlation between neighbouring signals, PSNR
of the reconstructed signal after compression can be
improved.
A study of the correlation coefficients between nearby

A-scans is useful in determining the efficiency of
compression operation. To analyse the correlation properties
between A-scans, eight consecutive A-scans are examined.
The Pearson correlation coefficient between the first A-scan
and all other seven A-scans are calculated. A correlation
coefficient of ‘1’ indicates perfect match between the
A-scans. By analysing the correlation coefficients between
neighbouring A-scans in the spatial (y and z) directions, it
became clear that nearby A-scans are highly correlated,
which allows a high degree of compression without
sacrificing original signal information.
In this study, 3D DWT compression is performed in three

successive steps [20]. In the first step, all A-scans in
x-direction are compressed by using 1D DWT. This is
followed by another 1D DWT in y-direction across the
x-z-plane. Finally, 1D DWT is performed in z-direction
across the x-y-plane to form the 3D compressed RF data.
Signal characteristics are more predictable for the A-scans,

since it is governed by ultrasonic transducer bandwidth.
Therefore predictable and optimal compression can be
achieved in x-direction. The optimal compression of
A-scans can be best determined by choice of the wavelet
kernel and sub-band decomposition structure. In this study,
we have examined the compression performance of A-scans
using four compactly supported wavelets: Db10, Haar,
Rp,q m[ ] =

1

N − m| |
∑N−m−1

n=0

p(n+ m

1

N − m| |
∑N− m| |−1

n=0

p(n)q n(

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

274
& The Institution of Engineering and Technology 2015

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on
Coif1 and Sym2. The analysis of energy distribution for
these wavelet kernels indicates that Db10 provides the best
compression without losing much of the signal energy.
Therefore Db10 is the choice for compressing A-scans. To
isolate more high energy and compact sub-bands, level-4
wavelet packet decomposition structure (see Fig. 1) is
designed.
In our ultrasonic experimental study, there are 128

measurement points per line in y and z directions.
Characteristics of these lines are not predictable because of
the beam field of the transducer, scanning step size, and
material properties. Therefore a 2-level DWT using Haar
wavelet is performed, since it is simple and efficient. This
provides an additional 75% compression in y-direction and
a further 75% compression in z-direction.
DWT by nature de-noises the signal. However, the original

RF signal may be noisy which will make it difficult to analyse
the reconstruction quality. Therefore we filtered out the noise
from original A-scans, so that correlation and PSNR of the
original and reconstructed signal can be compared in an
unbiased way. Furthermore, when the RF signal is
generated by scanning process, because of the slight timing
variations between various A-scans, there could be some
mis-alignment between the A-scans with respect to time.
This is resolved by aligning the A-scans to maximise
correlation between neighbouring A-scans.
The 3D compression performance is analysed based on

CR, PSNR and correlation coefficient between original and
reconstructed A-scans. Overall 3D CR can be improved by
careful design of sub-band decomposition structure, where
very low energy sub-bands will be determined and
discarded. Table 3 shows the compression performance
parameter values for various combinations of CRs in x, y
and z directions for two scenarios: (i) compression is
performed on raw RF signals; and (ii) compression is
performed after the raw RF signals are de-noised and
aligned. By inspecting Table 3, it can be observed from
row-3 that by discarding only ‘H’ sub-band in x-direction,
we achieve 52% compression. Similarly, by discarding H
and LH sub-bands in y and z directions, further
compression of 75% can be obtained in y and z directions
) q(n) for 0 ≤ m ≤ N − 1

+ m| |) for −(N − 1) ≤ m ≤ 0

(28)
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Fig. 7 Plots of correlation coefficient and PSNR

a CR against correlation coefficient for two scenarios
b CR against PSNR for two scenarios

Table 3 3D DWT compression results

Row Axial CRs, % Overall 3D
compression ratio, %

Correlation coefficient
(mean)

PSNR (mean) Eliminated sub-bands (Refer
to Fig. 1 for clarification)

X Y Z Scenario1 Scenario2 Scenario1 Scenario2 X Y Z

1 80 75 75 98.75 0.9208 0.9732 20.48 23.75 H, LH, LLHL H, LH H, LH
2 72 75 75 98.25 0.9300 0.9744 20.58 23.97 H, LH H, LH H, LH
3 52 75 75 97.00 0.9225 0.9747 20.66 24.00 H H, LH H, LH
4 80 0 75 95.00 0.9376 0.9796 21.81 25.00 H, LH, LLHL – H, LH
5 80 50 50 95.00 0.9584 0.9860 23.19 26.58 H, LH, LLHL H H
6 80 0 50 90.00 0.9674 0.9884 24.11 27.46 H, LH, LLHL – H
7 80 50 0 90.00 0.9742 0.9896 24.79 28.00 H, LH, LLHL H –
8 52 50 50 88.00 0.9588 0.9878 23.27 27.20 H H H
9 80 0 0 80.00 0.9931 0.9976 29.78 34.42 H, LH, LLHL – –

Scenario1: The compression is performed on the raw RF signals. Scenario2: The compression is performed after the raw RF signals are
de-noised and aligned
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individually. Thus, overall 3D CR becomes 97%. Various
combinations of axial (x, y or z) CRs can be chosen for
higher PSNR and better correlation to improve the signal
reconstruction quality. This can be seen from 4th and 5th
rows in Table 3 where both provide a 3D CR of 95%.
However, the combination given in 5th row (80-50-50)
offers better correlation coefficient and PSNR than that in
4th row (80-0-75). Furthermore, the results presented in
Table 3 clearly indicate that correlation coefficient and
PSNR improves significantly with de-noising and A-scan
alignment. As shown in row-1, for a CR of 98.75%,
correlation coefficient improved from 0.9208 to 0.9732 and
similarly PSNR improved from 20.48 dB to 23.75 dB.
Fig. 7 shows the plots of correlation coefficient [Fig. 7a]

and PSNR [Fig. 7b] with respect to the CR for the values
given in Table 3. From these plots, it is clearly apparent
that, for improving CR from 80% to 98.75%, correlation
coefficient degrades moderately from 0.9976 to 0.9732, and
PSNR drops from 34.42 to 23.75 dB. This level of
degradation in signal quality because of very high level of
compression is tolerable for many practical applications.
The level of compression depends on the step size, degree

of oversampling in time and space and transducer beam field.
As an alternative to DWT based 3D compression, we have
also explored that decimation by 5 in x-direction for
compressing A-scans, and decimation by 4 in y and z
directions are acceptable for maintaining high signal
reconstruction quality. By using decimation method, we
obtained a PSNR of 22 dB for an overall CR of 98.75%.
Time-shift interpolation method is used for achieving high
temporal and spatial resolution using optimally scanned and
sampled signal.

6 Conclusion

Ultrasonic imaging applications require processing of large
volumes of RF data in real-time. Raw RF data preserves the
transient and small features which are significant in many
practical applications. Compressing the RF data is essential
to accelerate the processing performance and also to
transfer the data rapidly to remote locations for expert
analysis. Two methods for ultrasonic data compression
using DWT based sub-band elimination and decimation/
interpolation are analysed with emphasising the quality of
signal reconstruction and computational speeds. In
particular, this paper explores the temporal and spatial
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correlation of 3D ultrasonic signals for improved compression
performance. The implementation of DWT based
compression is optimised by determining the most suitable
wavelet kernel and fine-tuning the decomposition structure
based on frequency localisation. Furthermore, an efficient
interpolation of decimated signals based on shift properties
of Fourier transform is designed to precisely detect certain
desirable features such as time-of-arrival and amplitude of
ultrasonic echoes. Ultrasonic 3D RF data compression
algorithms are analysed based on the degree of compression
of RF data as a function of data integrity. The 3D
implementation offers a CR of 95% with a PSNR of 27 dB
for ultrasonic RF signals, supporting high quality signal
reconstruction. The 3D compression using decimation is
also found to be efficient for experimentation and data
collection by eliminating unnecessary oversampling in
spatial directions. DWT based compression is found to be
efficient for hardware implementation because of its low
resource usage. However, parallel execution of decimation/
time-shift interpolation makes this compression method
computationally more efficient.
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