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Abstract—Due to many processing steps, the B-mode ultra- on how changes in tissue characteristics influence the reflec
sound images commonly used for medical diagnosis, containsignal. Most of the existing works in this area address stati
Iess_lnformatlon than the original Radio-Frequency (RF) sgnals tical properties of the RF-signals and envelope images [1]-
received by the ultrasound probe. Moreover, the raw RF-sigals a1 Al littl vsis of the ph ties in ulvasd
contain potentially more information on the investigated issue. [ 1. Also, little analysis of the phase properties in ultas
In this work we explore whether phase information of the images has appeared, mostly because of the random nature of
ultrasound RF-signals can contribute to a better characteization the phase information.
of insonified preterm brain tissue. We use time series of raw  |n this paper we show that, even though the phase infor-
RF-signals obtained with a linear probe. Amplitude and phae ., iinn js mostly randomly distributed, there exist cotiietes

information are extracted from complex valued demodulatedRF- b iahborina RE-si | | h b df
signals and subsequently an envelope image is reconstrudte etween neighboring -signal samples that can be used for

Then, we analyze the distribution of the phase differencesdth tiSsue characterization. We propose the entropy of theephas
within the signal and between neighboring signal scan lineand difference as a statistical measure for the phase cowalatid
compute the entropy of those phase differences in local néig jnvestigate its relation to the amplitude information.
borhoods. Our initial qua.tlltatlve results indicate that statistical The paper is organized as follows: Section Il presents
properties of the phase differences, such as the proposedtewpy, . . . .
bring useful information about the insonified tissue. materials and methods that are used in this paper. Firbty, t
experimental set-up of the RF-signal acquisition is diseds
Secondly, the demodulation of the RF signals and the image
reconstruction process is explained. Next, we briefly descr
the entropy calculation of the phase difference. In sectibn
results are displayed together with the visualization af th
The Radio-Frequency (RF) signal is the unprocessed elégsed envelope (amplitude) and entropy image using the HSV
trical signal coming from the ultrasound scanner’s probeolor space and a discussion is given. Finally, the conatusi
It thus contains all the information on the propagation a§ presented in section IV.
the acoustic waves and their intersections with the scanned
tissue. The B-mode ultrasound image, displayed on the scann I
screen, is a brightness gray-scale image that represeats th _
envelope of the RF signals. Such an image is obtained fy EXPerimental data
demodulating the RF signals. Note that before the imageFor the ultrasound data collection we use a Picus ultrasound
is actually displayed, several processing steps are applimachine (ESAOTE NV, Maastricht) that contains an integtate
like time-gain compensation, filtering, rectification arajd PC and the capability of collecting and recording raw RF-
compression. signals. These signals are acquired with the Art.Lab so@iwa
Because these steps differ on each ultrasound device, fmagguipped with a data acquisition card, where each acarisiti
taken with different machines are difficult to compare. Doe tsample consists of 16 bits with the upper 12 bits used for
these processing, the loss of information disables us ®ftdk RF-samples and lower 4 bits used for event coding, e.g.
advantage of the received signal in terms of signal proegsstrigger signals. We use a linear ultrasound probe (type £10-
and automatic diagnoses. 40mm) which support§/7.5/10 MHz frequencies. Acquired
In recent years there have been many studies in the fi&&-signals are sampled according to their frequency conten
of ultrasound tissue characterization using unprocesded . three to four times the dominant carrier frequency and
signals, which are recognized as a rich source of informatiafterwards stored in real-time in the internal memory of a
[1]-[5], [8], [11]. However, the main difficulty in ultrasond personal computer system as an RF-matrix. The time interval
RF-signal processing is the fact that the interaction betweof the RF-matrix depends on the Pulse Repetition Frequency
tissue and sound waves is poorly understood. Little is knowWRRF) of the probd At= 1/PRF), while the depth interval

Index Terms—Ultrasound, Radio-Frequency signals, Phase
information

I. INTRODUCTION

. M ATERIALS AND METHODS

314



of the RF-matrix is directly related to the sample frequendy order to obtain the complex functiaiit) and eliminate the
fs (BDy =c¢/(2fs)). carrier frequencyf. from the signals(¢), we use the Fourier

In our experiments the dimension of the RF-matrixi82x  transform:
127, containing 127 A-lines (RF-signals) with the length of 35 ot
mm, sampled in 1532 points. The sample frequency is 34 MHz S(f)=F{s(t)} = /_OO s(t)e™ """ dt,
and depth interval is 22.82m. The PRF for the used linear

. . L. . . t
be in B-mod 3.81 MHz and the time interval 9° .
probe in B-mode Imaging 1s Z and the ime eV, tion. The obtained frequency spectrum of the complex

between two .Cf).nsecunve RF-SlgnaIs 'S 369 which meqns nvelopeC(f) is the shifted spectrum of the signal with the
that the acquisition of one image takes about 33 ms (Fig. 1(2). . )
arrier frequency removed:

Ultrasound Ultrasound C(f) = S(f - fC)G(f - fC)v

RF-signal RF-matrix

T amplitude

depth

o0

get the frequency domain representation of the original

127 lines where a bandpass filt&¥(f — f.) is applied toS(f — f.) to
reduce the influence of noice. Then the complex enveltpe
is obtained as the inverse Fourier transformCtff):

)= FHew) = [ oy

acquisition processing
——

c(t) = A(t)e?# W),

The envelope and the phase of the RF-sigifa) are respec-
tively the amplitudeA(¢) and the phase(t) of the complex

% 1532
samples
envelopec(t).

! . _ _ Finally, the detected envelope is compressed logarithimica
Figure 1. Data storage of the acquired RF-signals in an RifsmdrF- . . L
samples are organized in depth (top to bottom) and time tgefight). and normalized in order to distribute the gray levels more

uniformly and to enhance the image visualization. An exampl
For the experimental data we have acquired and recdd-shown in Fig. 3b), where high amplitude, corresponding to
structed ultrasound images from five different areas of tiestrong reflection, is represented by a white pixel, while a
premature baby’s brain tissue: a high coronal sectionaledt black pixel indicates small amplitude and no reflection &t al
right dorsal ganglia and left and right subcortex. Each $et o
the images contains a volume of 180 frames of the same tisgtlegatigtical properties of the phase
obtained by consecutive scanning.

Once the amplitude (envelope) image is obtained and the
phase is extracted, we analyze the distribution of the phase
difference by calculating its entropy in local neighbortieo

After acquisition, normally the image reconstruction prowe observe the statistical properties of the phase differen
cess is preformed and the RF-data, shown in Fig. 1, dsecause the pure phase information can be mostly regarded
reconstructed into a grayscale image. The main step isag a uniformly distributed random variable and is hence very
demodulation process where the phase information is @gttacdifficult to analyze. However, the phase difference we belie
and the signal envelope detected. to be locally correlated.

Demodulation is the process of recovering a baseband signalVe compute the phase differenaky in two different
from an analog signal that is modulated at a given frequendgrections: within one signal line (in axial direction) and
Let 2(t) = a(t)cos[27 fet + p(t)] + a(t)sin[27fct + o(t)] between two neighbor signals (in lateral direction) in the
denote a modulated signal, whefgis the carrier frequency following way:
and a(t), ¢(t) are the amplitude and the phase functions,
respectively. The complex representation of it{e) is:

B. Demodulation and image reconstruction

o = Ay Aged(P1792) — Aei(De)

wherec; = Aje9% and ¢ = Ased¥2 are two different
samples (either from the same signal or two different signal
wherec(t) = A(t)e’*(!) is a complex function, often calledwith the amplitudes4;, A, and phases, 2 respectively

the complex envelope of the signal, which combines the amnd ¢} is complex conjugate of the;.

plitude A(t) and phasep(t) information of the signal. In our  The phase takes on values in the 0° to 360° range and could
case, we acquire the real modulated RF-signals by the ultthus wrap from 360° back down to 0° (meaning that when the
sound transducet(t) = Re {z(¢)} = «(t) cos[2n f.t + ¢(t)]. phase exceeds 360° it returns to its minimum value 0°) and

z(t) = A(t)ej%r(fctﬂa(t)) - c(t)ej%fC,

315



vice-versa. In order to have no wrapping, the phase diffaxren [1l. EXPERIMENTAL RESULTS AND DISCUSSION

is computed as follows: For experimental purposes, we have reconstructed the am-
Ap =ming_|a — B+ (k — )27 plitude and entropy images from the raw RF-signals sequence
of the five different neonate’s brain regions (see sectief)l|
assuming that the phasgs = o + 27k andgy = 6+ 270 For the local entropy of the phase differences we use a 9-
are small. by-9 neighborhood around the corresponding element in the
Calculating the phase difference we create a new dafgyt phase difference matrix. The neighborhood should be
matrix and compute its entropy in the local neighborhoogig enough (in our case 81) because of the histogram and
The entropy, which is a statistical measure of randomness gs\HF calculation (see section 1I-C) that we use for the erytrop
system disorganization, is obtained in the following way:  estimation. On the other hand, if the neighborhood is chosen
N too big then we could loose the local tissue information.
E(Ap) = — ZP((A@%‘) log p((Ae)i), Fig. 3 shows an amplitude and entropy image together with

=1 the HSV representation.
where E(Ay) is an entropyAy = {(A)1, ..., (Ap)n} is a
i 2
set of random phenomenon (phase differences), wNeten oV image

Amplitude image ‘ Entropy image ‘

is a number of phase differences in local n-by-n neighbodho _
(e.g. in the case of a 9-by-9 neighborhodd = 81) and :
p(Ay;) is a probability density function (PDF) of the phast &8
differences. The PDF is empirically estimated as a histogre
of the phase differences for each local n-by-n neighborhoc
Then the entropy image is reconstructed representing thgeph
information.

At the end, the entropy image is fused with the amplituc
image using the HSV (Hue Saturation Value) color spac
for better visualization and comparison of the informatibmn —
the HSV color space, the hue (H) represents the entropy low entropy
the phase difference (phase information), the satura8yng(
maximum (S=1) and the value (V) is amplitude information

ure 3. Reconstructed images where: (a) represents thelen valued

(th(_e areas where the amplitude information is small are r@gv image (Hue is entropy of the phase difference in 9x9 rmghoods
of interest). The hue colorbar goes from blue to red, wheggq value is envelope image), (b) shows the gray scale queétnage and

blue corresponds to low entropy and red to high entropy. Tke is the entropy image. At the bottom is entropy colorbar.
outline of our algorithm is shown in Fig. 2.

(c

Red = ‘
high entropy

In order to discover the potential new information that the
S — . phase difference brings, we investigate the correlatidwden

s the amplitude image and the entropy-of-phase-differense i
;%MWW age. To this end, firsty we compute the phase difference

beogt between nearest neighbors and then between non-neiggborin
Acquisition |——3 Demodulation l———5 Entropy samples (every second sample, third sample, etc.), botiein t
: ‘ axial (one scan line) and the lateral (two different scard)n

H ! Envelope + entropy The obtained results, for the phase difference computed

Phase image reconstruction between nearest neighbors, indicate that in the areasafgstr
o SN ! tissue reflections there is a noticeable correlation in tesp
E"f MNWW%MUWW and envelope information. Also, there are some areas with
o) = = d‘a’ta = zero and negative linear correlation that could bring aoloit

€— 9 €— HsV color space information. Furthermore, the correlation is a little bigher
e if the phase difference is calculated in the lateral diecti

In the case when the phase difference is calculated between
non-neighboring samples, we obtain that the correlation de
creases when neighboring samples are further apart. If we do
not expect any selfsimilarity or repetition structures ppear,
Figure 2. Algorithm of the proposed method for analyzing Wges this result has sense, but still has to be investigated fer th
real tissue. The results are given in Fig. 4.
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Figure 4. Entropy images are shown where: (a) the phaseratiffe is
calculated between nearest neighbors in lateral direcfionthe phase diff.
is calculated between every second sample in lateral direcind in (c) and
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(d) example the phase diff. is calculated in axial directmtween nearest Figure 5. The left column represents complex valued HSV esa@ue is
and second sample respectively. entropy of the phase difference in 9x9 neighborhoods andeva envelope
image). The right column shows the reconstructed gray scalelope images.

Applying our method, we also noticed that in most of the
cases where amplitude corresponds to diffuse scattetieg, t
phase difference is randomly distributed and the entropy i8]
high. Also, if amplitude indicates that a tissue structwse i
present, the entropy is low and the phase difference is clogg
to zero. However, we also notice some deviations from the
above mentioned amplitude/phase correlation. Thesendisti 3]
tions could indicate additional information about the uiss
e.g. like better characterization of the scatters and dpeck
noise. Visualizations of the described results are ilatstl 4]
in Fig. 5, where the blue color indicates low entropy and reé
color high entropy.

(5]
IV. CONCLUSSION

The initial results of this study indicate, however qualita [6]
tively, that the statistical properties of the phase exéérom
the raw RF-signals, could identify anatomical tissue $tmes.  [7]
It now remains to be investigated whether they also bringe;orht8
additional, as compared to the regular B-mode image, an
useful information on insonified tissue. We plan to continue
the qualitative exploration and test our ideas on phantota dal®
where ground truth information on the insonofied structures
can be controlled.

[11]
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