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Abstract. Multistatic imaging techniques, such as Synthetic Aperture
Ultrasound (SAU) or Plane Wave Imaging (PWI), offer several advan-
tages in terms of image quality for diagnostic ultrasound imaging. How-
ever, the vast amount of data generated by these methods can be chal-
lenging to process and store. To address this issue, various compression
techniques have been developed. In this work, we propose a compression
method based on a physical approach utilizing evanescent wave compo-
nents in the radio frequency (RF) data.

The basic idea behind our approach is to eliminate the higher fre-
quencies in the data that are no longer necessary, due to the limited
spatial sampling frequency. By doing so, we can reduce the amount of
data without sacrificing noticeable amounts of image quality, as shown
by simulation results. An additional advantage of our approach is that
no decompression steps have to be conducted if the image reconstruction
algorithm operates in the spatial frequency-domain.

Keywords: diagnostic ultrasound · multistatic-imaging ·
radio-frequency-data-compression · evanescent-wave-filtering ·
spatial-frequency-filtering · Fourier-based data-compression

1 Introduction

In the past decades, the paradigm of multistatic imaging like synthetic aperture
ultrasound (SAU) or plane wave imaging (PWI) has steadily gained importance
in the field of diagnostic ultrasound imaging. In contrast to classical beamform-
ing methods - which aim to generate sound beams that are as focused as possible
- SAU methods use wide-angle transmission. Through multiple transmissions of
the wide-angled sound signals at different positions, an overall image can be gen-
erated through downstream calculation steps (usually performed by a computing
backend), where, in contrast to the classic beamforming methods, the resulting
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image is focused in each image point [7]. PWI, on the other hand, comprises the
successive transmissions of ultrasonic plane waves [11]. The reflected signal is
captured by the full receiving array (similar to SAU) and processed the by the
computing backend.

The use of such multistatic methods is accompanied by high amounts of
radio-frequency (RF) data generated by the sensor array. The resulting high
data rates are a challenge for not only the computing backend, but also for
the electronics built into the transducer and the connection to the computing
backend [1]. For this reason, minimizing the data rates can simplify the system
design, reduce energy consumption, and contribute to an increase in refresh rates.

In this work we will present a new data-compression method utilizing the
effect of evanescent waves. In Sect. 2, we will reference related compression meth-
ods. Section 3 gives a short explanation of the concept of evanescent waves.
Our compression method is described in Sect. 4. The according decompression
method will be described in Sect. 5. The proposed method is evaluated, using
simulation-generated data, in Sect. 6. Our results are shortly concluded in Sect. 7.

2 Related Work

The task of compressing raw acoustic measurement data has been investigated
for several use-cases and several approaches. In most cases, compression is per-
formed for each received time trace independently. Examples of this category
include:

– the exploitation of different dynamic ranges for different depth levels using
linear predictive coding (LPC) to achieve a lossless compression [12]

– the detection of changes in the time signal above predefined thresholds and
storage of the according data samples and their positions resulting in a lossy
reconstruction of the signal [3]

– converting the signal using discrete wavelet transform (DWT) or discrete
cosine transform (DCT) and omitting small coefficients [9]

– projecting the time traces on a specially designed lower dimensional base
consisting of phase-shifted window functions [8]

Compression methods utilizing multiple time traces are also subject to research.
In this context, the following methods have already been published:

– the reduction of dynamic range by only storing differences between neighbor-
ing time traces [9]

– the RF-frame compression using the MPEG video codec [13]

However, to our best knowledge no one has explicitly utilized evanescent
waves as physical properties of the received signal to compress the RF data. We
furthermore want to highlight, that this type of compression is different from
simple band-pass filtering, since it incorporates the spatio-temporal relation-
ship of the received pressure signal. Thus, evanescent wave-based compression
approaches are more complex to realize.
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3 Evanescent Waves

The occurrence of evanescent waves in the recordings of an acoustic receiving
array can be analyzed by utilizing the linear wave equation. Specifically, in the
monofrequency case, the reflected wave field can be described by the Helmholtz
equation as follows:

[∇2 + k2
0

]
p̃ref(x, y, z, k0) = q̃(x, y, z, k0) (1)

with k0 = 2πf
c0

being the temporal frequency f , rescaled by the mean speed of
sound c0, which is usually assumed to be 1540 ms−1. pref is the reflected sound
pressure field and q is a source term which is usually - in the case of a reflected
wave field - the product of an incident sound pressure field and a reflectance
function.

It is assumed that the receiving array is one dimensional, elongated at the
x dimension and all array elements having a constant z = 0, as illustrated in
Fig. 1. Hence the signal s̃rx(x, k0), measured by the array at position x, can be
approximated to be the reflected wave field with z and y set to zero:

s̃rx(x, k0) = p̃ref(x, 0, 0, k0) (2)

By using a Green’s function satisfying the Sommerfeld radiation boundary con-
dition [15], the Eq. 1 can be solved for the measured signal by the array:

s̃rx(x, k0) =

(

q(x, y, z, k0) ∗x,y,z
ejk0

√
x2+y2+z2

√
x2 + y2 + z2

)∣
∣
∣
∣
∣
y,z=0

(3)

=
∫∫∫

x′,y′,z′∈R

q̃(x′, y′, z′, k0)
ejk0

√
(x−x′)2+y′2+z′2

√
(x − x′)2 + y′2 + z′2 dz′dy′dx′ (4)

This equation can further be simplified by performing a Fourier transform
with respect to x. Using Weyl’s identity [2] it can be shown that:

S̃rx(kx, k0) =
∫

x∈R

s̃rx(x, k0)e−jxkxdx (5)

=
∫∫

y′,z′∈R

Q̃(kx, y′, z′, k0)
ej

√
y′2+z′2

√
k2
0−k2

x

√
k2
0 − k2

x

dz′dy′ (6)

It can be seen that for any |kx| > |k0| the square root term
√

k2
0 − k2

x results
in a positive purely imaginary value. Hence, the complex unit in the exponential
cancels out, yielding to a decaying real-valued exponential. Due to this effect Srx

values for |kx| > |k0| tend to be close to zero and hence are called evanescent
waves.
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Fig. 1. Illustration of the receiver array, the source term q and the Green’s function
originating from every point from q. (Color figure online)

4 The Compression Algorithm

The following section describes our new compression algorithm. First, we
describe the compression in the kx-k0-domain. Then, this compression procedure
is transferred to the kx-t-domain to generate an efficient compression scheme.

The compression method operates on the RF frames in kx-k0-space. The
measurement system only provides temporal frequency information within the
bounds of k0 ∈ [−πfs

c0
, πfs

c0
], with fs being the systems sampling frequency. Simi-

larly, the spatial frequency information can only be measured within the bounds
of kx ∈ [−π

p , π
p ], where p is denoting the array pitch. However, since the signal

s(x, t), recorded by the receiver array, is purely real, it underlies the symmetry
properties of real signals in the Fourier-domain, i.e.: S̃(kx, k0) = S̃∗(−kx,−k0)
where S̃∗ is the complex conjugate of S̃. Hence, only half the kx-k0-space data-
points needs to be stored, in order to fully reconstruct the signal in the x-t-space.
For this reason only positive kx >= 0 will be used for further analysis. The
according RF-frames are illustrated in Fig. 2.

The first step for compressing the data is to perform a cyclic shift of half
the size of the RF-frame (πfs

c0
) in the k0-dimension of the RF-frame region with

kx greater than a threshold value: kx ≥ kthr
x . This threshold defines a line in

the k0-direction that is contained by the same amounts in the evanescent and
non-evanescent regions. Hence, the line is at the kx-value where kx is exactly the
half of the maximal temporal frequency of the RF-frame, i.e.:

kthr
x =

kmax
0

2
=

πfs
2c0

(7)

Due to the evanescent waves, RF values on the lines in the k0-direction with
the same distance to kthr

x have a nearly disjoint support and thus are orthogonal.
Therefore, if these corresponding signal values are added, they can be separated
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again at a later stage. This makes it possible to pack all data for kx ≥ kthr
x into

the low-frequency regions. The aforementioned steps are illustrated in Fig. 2a).
This process can be efficiently replicated in the kx-t-domain. If the compres-

sion process is transformed into the time domain, the cyclic shift becomes a
scalar multiplication of the complex phase term:

exp
(

jt
πfs

c0

)
(8)

Due to the linearity of the Fourier transform, all further steps remain the same
as in the frequency procedure as shown in Fig. 2b).

To describe the algorithm used in digital processing, it is assumed that the
RF-data is a matrix. Let Dn,m (n = 0, . . . , N − 1 and m = 0, . . . , M − 1) be
this N × M matrix, holding the received signal values in the x-t-domain. Every
column represents the N -dimensional signal-vector for a single receiving element
and every row represents the M -dimensional full array measurement for a time
point t. To transform the RF-data matrix Dn,m from the x-t-domain into the kx-
t-domain efficiently, a fast Fourier transform (FFT) can be used. However, since
only positive kx are required for the algorithm, data processing can be further
speed-up by using a real-valued fast Fourier transform (rFFT) [16] instead of
a regular FFT. The rFFT operation transforms the M real-valued traces into
M/2 + 1 or (M + 1)/2 complex-valued traces depending if M is even or odd.
Moreover, the threshold-value kthr

x will be represented by a threshold-index τ ,
defined by:

τ =
⌈

kthr
x

Δkx

⌉
=

⌈
p · fs
4c0

M

⌉
(9)

where Δkx is the width of a FFT bin, given by Δkx = 2π
p·M . In the dis-

cretized setting, the temporal phase-shift-term from Eq. 8 can be expressed by
exp(jπn) = (−1)n, which alternatingly changes the sign for each increment in
n. Overall, the compression algorithm comprises two main steps:

C1 Transforming RF Data into (positive) frequency-domain:

D̃n,l = rFFTm [Dn,m]l (10)

D̃n,m ∈ C
N×L with L =

{
M/2 + 1,M is even
(M + 1)/2,M is odd

C2 Add the phase-shifted high-frequency time traces to their corre-
sponding low-frequency traces:

D̃comp
n,l =

{
D̃n,l, l < 2τ − L

D̃n,l + (−1)nD̃n,2τ−l, otherwise.
(11)

D̃comp
n,l ∈ C

N×τ
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Fig. 2. Illustration of the compression steps in a): in kx-k0-domain and b): in kx-t-
domain. The blue-shaded regions of the RF-frames shown in a) are non-evanescent
wave components. (Color figure online)

Since there are no data dependencies between different time points the algo-
rithm can be very efficiently used for data stream processing. The incoming M
real-valued time signals will be transformed into τ complex valued time signals
- hence, the algorithm returns 2τ real-valued time signals. The overall com-
pression ratio CR (the ratio of the original data size Aorig and the compressed
data size Aorig ) is purely dependent on the system parameters and can be
approximated by the ratio of the maximal spatial frequency kmax

x = π
p and the

threshold-frequency kthr
x :

CR ≈ Aorig

Acompr

=
kmax

x

kthr
x

=
2c0

p · fs
(12)
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Since the presented compression algorithm has a very simple structure, it also
allows hardware-related implementations, e.g. by means of field programmable
gate arrays (FPGA). Figure 3 shows the schematic structure of the compression
as a block diagram.

rFFTAFE

C1

(−1)n

+

C2

2τ − L

L − τ

L − τ L − τ

Fig. 3. Block diagram. Sensory data is digitalized by the analog frontend (AFE) and
directly processed by the compression steps.

5 The Decompression Algorithm

If image reconstruction uses a k-space based method [4,10], it can be used with-
out the further decompression steps by directly adapting its k-space coordinate
transformations. However, to use the RF data for time- and space-based image
reconstruction methods the data must be decompressed again. For this pur-
pose, the compressed data D̃comp

n,l must be transformed into the kx-k0-domain

by another Fourier transformation. Afterwards, the signals added in step C2 of
the compression must be separated and rearranged again. In the next steps, an
inverse Fourier transformation in the time dimension, a phase correction, and
an inverse Fourier transformation in the spatial dimension must be performed.

The decompression algorithm can be described by the following steps:

D1 Transforming the compressed data into the kx-k0-domain:

D̃freq
k,l = FFTn

[
D̃comp

n,l

]

k
(13)

D̃freq
k,l ∈ C

N×τ
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D2 Reordering data:

D̃reord
k,l =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

D̃freq
k,l , l < 2τ − L

D̃freq
k,l , 2τ − L ≤ l < τ and N

2 − |k − N
2 | ≥ αl

0, 2τ − L ≤ l < τ and N
2 − |k − N

2 | < αl

D̃freq
k,2τ−l−1, τ ≤ l and N

2 − |k − N
2 | < αl

0, τ ≤ l and N
2 − |k − N

2 | ≥ αl

(14)

with α = N ·c0
M ·p·fs

D̃reord
n,l ∈ C

N×L

D3 Transform into time domain and phase shift:

D̃time
n,l =

⎧
⎨

⎩

FFTn

[
D̃reord

n,l

]

k
, l < 2τ − L

(−1)nFFTn

[
D̃reord

n,l

]

k
, otherwise.

(15)

D4 Transform into space domain:

D̂n,m = irFFTl

[
D̃comp

n,m

]

m
(16)

D̂n,m ∈ R
N×M

6 Simulation Results

Since evanescent waves are only exponentially attenuated - but not completely
eliminated - artifacts can result from the compression process. To estimate the
extent of the compression artifacts, the compression method was tested with
data generated by the Field II [5,6] simulation. The simulated data has been
generated for a virtual cyst phantom compromising five hypoechoic cyst regions,
five highly scattering hyperechoic regions and five point targets - all located
in a background medium with Gaussian reflectivity-strength distribution. The
virtual ultrasound probe mimics the properties of the GE M5Sc-D ultrasound
probe, which has a center frequency of 2.8 MHz, a fractional bandwidth of 90%, a
pitch of 0.23 mm, 80 elements in azimuth direction, an elevation focus of 77 mm.
In total, our algorithm achieves a compression ratio of 1.49 with these parameter
settings. The simulation is run with a sampling frequency of 9MHz. The virtual
probe uses the Coherent Plane-Wave Compounding (CPWC) [11] transmission



Evanescent Wave Filtering for Ultrasound RF-Data Compression 41

and reconstruction scheme implemented by the UltraSound ToolBox [14] for
MATLAB.

A comparison based on the RF-data has been conducted using the signal-
to-noise-ratio (SNR), and the peak-signal-to-noise-ratio PSNR metric. A central
building block for both of these metrics is the root-mean-square-error (RMSE)
defined by:

RMSE =

√
1

NM

∑ ∑
(D̂n,m − Dn,m)2 (17)

which gives rise to the following definitions:

SNR = 20 log10
( σD

RMSE

)
[dB] (18)

PSNR = 20 log10

(
Dmax

RMSE

)
[dB] (19)

where σD is the standard deviation of the original RF-data frame Dn,m and Dmax

is the maximal absolute value of Dn,m. We have measured a RMSE-to-σD-ratio
of 10.2% which translates to a SNR of 19.8 dB. Moreover, a RMSE-to-Dmax-ratio
of 0.9% was measured, which corresponds to a PSNR of 41.2 dB.

In order to evaluate the effect of compression artifacts on the reconstructed
images, comparison studies have been conducted here as well. Images have been
generated by the delay-and-sum (DAS) implementation of the UltraSound Tool-
Box using the original data, as well as compressed and decompressed data.
The reconstructed images have been normalized by their maximum value, log-
compressed and clipped to a range from −60 dB to 0 dB. Figure 4 shows the
according reconstruction results, as well as their (signed) difference. In order to
provide a concise quantification for the image quality, the structural similarity
index (SSIM) [17] was used to assess the difference of the image reconstructed
using the original RF-data and the image reconstructed using the compressed
and decompressed RF-data. Given two images A and B, the SSIM is defined by:

SSIM =
(2μAμB + c1)(2σAB + c2)

(μ2
A + μ2

B + c1)(σ2
A + σ2

B + c2)
(20)

with μA and μB being the mean values of A and B, σ2
A and σ2

B is the variance
of A and B and σAB is the covariance of A and B. The variable L represents
the dynamic range which is set to 60 dB in our case. Furthermore, we set c1 and
c2 to (0.01L)2 and (0.02L)2 respectively. Th SSIM ranges from 0 to 1, where a
SSIM of 1 indicates maximal similarity of A and B, i.e. A = B. An overall SSIM
of 99.8% was obtained by comparing - indicating that only minor artifacts are
produced by the compression.
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Fig. 4. Plot of the reconstructed image, using the original RF-data (“Original”), a
reconstructed image, using compressed and decompressed RF-data (“Decompressed”)
and the difference of both images (“Difference”)

7 Conclusion

We were able to propose a method that makes it possible to compress data from
a receiving array by means of a spatial Fourier transformation. This can lead to
savings in bandwidth when transmitting the RF data from the ultrasound probe
to the computing-backend. Such savings could presumably result in more faster,
more stable and more energy efficient connections of the ultrasound probe and
the computing backend - especially for wireless data transmission. If a k-space
based algorithm is used for the subsequent reconstruction, no further decom-
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pression step has to be performed. Otherwise, decompression as shown in this
work, is possible. Using simulatively generated data, it could be shown that the
artifacts generated by the compression have no noticeable effect on the image
quality.

Our proposed algorithm can presumably be implemented very efficiently on
an FPGA in terms of its execution time and the required hardware resources.
Benchmarks of specific implementations on FPGA hardware could therefore be
the subject of further research. In addition, only one simulation model was used
in this study to evaluate the algorithm. More extensive testing of the algorithm
using in-vivo data is also of interest for further investigations.
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