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Distribution Parameters Using Neural
Networks

Mark P. Wachowiak*, Renata Smolíková, Jacek M. Zurada, and
Adel S. Elmaghraby

Abstract—The
distribution is an accurate model for ultrasonic
backscatter. A neural approach is developed to estimate
distribution
parameters. Accuracy and consistency of the estimates from simulated
and envelope data compare favorably with other techniques. Neural
networks can potentially be used as a complementary technique for tissue
characterization.
Index Terms— distribution, neural networks, parameter estimation,
speckle, ultrasonography.

Fig. 1. PDF of the K distribution for various  .

I. INTRODUCTION
Models of ultrasonic backscatter, specifically of the echo envelope
of the demodulated radio-frequency (RF) signal, can provide clinically
useful information about the regularity and density of scatterers (small
structures in tissues, such as cells), and can be useful in diagnosis
and pathology analysis [1]–[3]. In ultrasonography, first-order envelope statistics have been thought to follow a Rayleigh distribution, but
recent work has shown that more general models, such as the Nakagami, K , generalized K , and homodyned K distributions better describe envelope statistics [2]–[6].
The present preliminary study presents the use of artificial neural
networks (ANNs) to estimate the shape parameter of a specific
backscattering model, the K distribution. Estimates computed directly
from moments may be inaccurate and heavily influenced by outliers,
especially for small sample sizes. Additionally, many current techniques require numerical solutions to complex equations. To address
these issues, an alternative approach based on ANNs was developed.
Desirable features of ANNs are: 1) nonlinearity, for good data fit;
2) robustness in the presence of noisy and inaccurate measurements;
3) generalization and adaptation; and 4) parallelism that can be
implemented in hardware [7]. Estimation is formulated as a function
approximation problem, to which ANNs are particularly well suited
[7], [8].
II. A SCATTERING MODEL BASED ON THE K DISTRIBUTION
The K distribution is a model for a small number of randomly spaced
scatterers and clustered scattering. It also encompasses pre-Rayleigh
[signal-to-noise ratio (SNR) less than 1.91] and Rayleigh (SNR  1.91)
conditions. It is particularly accurate for densities in the range of 9 to
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Fig. 2.

and
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12 [2]. The model is completely specified by shape parameter  and
scale parameter a, with probability density function (PDF) [9]
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(1)

where x denotes the amplitude of the envelope, 0(1) denotes the gamma
function, and K (1) is the modified Bessel function of the second kind
and order  . From the data and the  estimate, a can then be calculated
[1], [9]. Plots of the K PDF for various  and for unit second moment
are shown in Fig. 1.
In the limit, this model approximates Rayleigh statistics as scatterer
density becomes large [3].  is monotonically related to the number
of scatterers, and  + 1 can be interpreted as the effective number of
scatterers in the volume of the medium from which the echo is received
[4], [5], [10].
III. METHODS
Multilayer perceptrons trained with the backpropagation (BP)
learning algorithm were implemented for estimating  . BP was
selected for its fast output generation, in contrast to kernel-based
networks (e.g., radial basis function networks).
A. Features
Many current techniques to estimate  use statistical moments computed from data, as  can be expressed as a function of moments [4],
[5], [9], [11]. The third and fourth standardized central moments, skewness ( 1 ) and kurtosis ( 2 ), respectively, may be used to characterize
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TABLE I
TEST DATA, 1 < 

 VALUES FOR (a)  =

0

 40 AND 01 <   10

TABLE II

00.86, (b)  = 20.93, AND (c)  = 39.45

the shape of a distribution. As functions of  , the transformations 1 02
and 2 02 were found to have a high dynamic range, and were used as
input to the ANN. These features are shown in Fig. 2 for 01 <   40,
where 2 02 was scaled for display. The parameter estimation problem
is then formulated as: ^ = g ( 1 02 ; 2 02 ), and the goal of the ANN is
to learn the mapping g (1; 1).
B. Experiments
1) K Distributed Data: For the specific data and problem under
consideration, it was found that an ANN with two hidden layers having
ten and five neurons (sigmoidal activation function) was the simplest
network with good training and testing results. To reduce the variance
in estimates from small sample sizes, separate ANNs were trained for
sizes of N = 100, 2500, and 10 000.

For training, two K distribution random variates for the three N
were generated for each of 200 evenly spaced values of  2 [00:9; 40].
K random variates are generated by: K = 2a G(1; 1)G( + 1; 1),
where G( ; ) denotes a gamma-distributed random variable
with p
shape parameter
and scale parameter
[11]. a was set to
1=(2  + 1) so that the second moment was unity (this has no affect
on  ). All networks were trained for 200 epochs.
For testing, K variates were generated from 200 random  values
in [00.9, 40]. Estimates were compared to those obtained by the
low/fractional order method (LF) [4], the high/fractional order method
(HF) [11], the SNR estimator [5], and the maximum-likelihood
(ML)/method of moments (MOM) (ML/MOM) approach [9]. These
techniques were used with a variety of parameters (denoted as k for
ML/MOM, p for other methods), as suggested in the literature. The
ML/MOM, LF, and SNR equations were solved numerically with the
Newton–Gauss method with line search and with hybrid quadratic
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interpolation methods. Matlab (The Mathworks, Inc., Natick, MA)
was used for all experiments. Error metrics were root mean squared
error (ERMS ) and bias.
2) Simulated Envelopes: To test the ability of the estimators to discern scatterer density (), envelope data generated with an ultrasound
simulator [12] was utilized. Estimates were computed with the HF,
SNR, and ANN estimators. Fifty trials of 60 scatterer densities, with
0:05    12 were performed on data of sizes 300, 625, and 1000.
Performance was based on the monotonicity ( increases with scatterer
density) and standard deviation of the estimates.
IV. RESULTS
The total ERMS for 01 <   40 and for the smaller range
01 <   10 (the K scattering model is most appropriate for small

densities) is displayed for all N in Table I. Standard deviations for
 = 00.86, 20.93, and 39.45 (three of the randomly generated  values
representing low, midrange, and high parameter values) are shown in
Table II. The ERMS , bias, and standard deviation (as a consistency
metric) for each  estimated from data with N = 2500 are shown in
Fig. 3.
All estimators, including the ANN, are accurate [Fig. 3(a), Table I]
and consistent [Fig. 3(c), Table II] for 00:9    5, although the
non-ANN estimates were more accurate in this range for N = 2500 and
N = 10 000. The ANN estimates had the highest standard deviation
for  < 1. For N = 100, the ANN and SNR estimators were the most
accurate, followed by HF. With increasing  , the LF and ML/MOM
biases increased very rapidly for  > 10. The ANN, HF, and SNR
biases were negative in this range, but decreased slowly. The ANN bias
was slightly positive for 5 <  < 12. The ANN estimates had the
smallest ERMS , and were the most consistent, for high values of  and
for smaller sample sizes. Although the SNR method generally had very
good estimates for all ranges and sample sizes,  values could not be
estimated for some trials due to numerical inaccuracies and the low
dynamic range of the SNR functions for large  . For N = 100, 26%
of the  values could not be estimated. For N = 2500, the percentage
was 17.33%, and for N = 10 000,  could not be computed for 7.67%
of the trials. For 01 <  < 10,  was estimated for over 95% of the
trials. Numerical problems also contributed to the high errors in the LF
and ML/MOM methods.
For the simulated envelopes, mean estimated  values and their standard deviations for the ANN, SNR, and HF methods are shown in
Fig. 4. The estimates from these methods were almost identical for
  1. For  > 2, the ANN estimates exhibited greater monotonicity
and dynamic range than the SNR and HF methods. For large N , the
most accurate and consistent values resulted from p = 0.5 for the SNR
method, and p = 0.5 for the HF technique. Although the SNR estimates
were also very good, the numerical solution algorithm did not always
converge, as was the case with the K -distributed data. Thus, some of
the error in the nonneural methods can be attributed to numerical inaccuracies.
V. DISCUSSION
The ANN and SNR estimates were most accurate and consistent
overall. Fig. 4(a) and (c) suggests that the ANN technique may be
useful in estimating scatterer density. However, although ANN performance is generally robust in the presence of noise, incorrect generalization may result when features are obtained from data with many outliers. Another consideration is that RF data are not available on many
ultrasound systems and, thus, clinical applicability is limited at present.
However, as RF data prove increasingly useful, use of imaging systems
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Fig. 3. E
, bias and standard deviation of  , N
(b) bias, and (c) standard deviation.

= 2500. (a) E

,

providing this data may correspondingly increase. Additionally, information from the echo envelope may be combined with B-scan analysis
for more accurate interpretation.
The greatest benefit of the neural approach is in estimating parameters for large  (high scatterer density, which is possible in ultrasonography) and for small sample sizes. For large N and small  ,
the nonneural techniques perform well. The good performance of the
ANNs suggest that neural approaches may also be used to estimate
parameters from more complex distributions, such as the generalized
K distribution, which encompasses post-Rayleigh (SNR > 1.91) as
well as pre-Rayleigh and Rayleigh conditions [10]. Although the neural
network approach must be validated on clinical ultrasound data, preliminary results strongly suggest that neural estimation can be a complimentary technique in modeling ultrasound backscatter, and may contribute to improving ultrasound analysis and tissue characterization.
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Fig. 4. Mean and standard deviation of  for simulated echo envelopes. (a) Mean, N
deviation, N
625.
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A Novel Ferromagnetic Thermo-Stent for Plaque
Stabilization That Self-Regulates the Temperature
Takemi Matsui*, Kouji Matsumura, Kousuke Hagisawa,
Masayuki Ishihara, Toshiaki Ishizuka, Minoru Suzuki, Akira Kurita,
and Makoto Kikuchi
Abstract—The purpose of this study is to investigate the vascular wall
with a thermally self-regulating, cylindrical stent made of a low Curie
temperature ferromagnetic alloy. Physiologic saline was circulated in the
silicone model vessel implanted with the stent. The stent-temperature remained nearly constant for variable saline flows, saline temperatures, and
magnetic flux densities. Stent implants of this type in human blood vessels
could potentially enable thermotherapy and temperature determination
without catheterization.
Index Terms—Ferromagnetic, stent, thermo-therapy, vascular.

I. INTRODUCTION
Various types of thermotherapy induced by magnetic fields have
been reported in the literature. Ferromagnetic implants with low Curie
temperature have been applied to a variety of clinical settings such as
tumor therapy [1]–[6]. However, there are no studies, to date, to our
knowledge where ferromagnetic stents have been used to heat vascular walls. We developed a novel thermally self-regulating ferromagnetic stent with low Curie temperature (thermo-stent) that can be applied to vascular lumina. The eventual goal of our study is to induce
macrophage apoptosis to stabilize atherosclerotic plaques by developing a clinically applicable intravascular ferromagnetic stent [7], [8].
II. MATERIALS AND METHOD
A cylindrical stent was designed for the model experiment. The composition ratio of the palladium and nickel ferromagnetic alloy is 76 : 24
[1]. The outer diameter of the stent is 4 mm, the inner diameter is 3 mm,
and the length is 20 mm. The inner surface of the stent is coated with
a 0.3-mm-thick plastic film to prevent excessive cooling of the stent
by the circulating flow. The stent is 20 mm long. The ferromagnetic
alloy has negligible thermal production above the Curie temperature.
The stent was implanted into a silicone tube with an inner diameter of
4 mm modeling the blood vessel (Fig. 1). Physiologic saline, warmed
to 36  C in a water bath, was circulated using a tube-pump (Masterflex
Co. L/S). The saline temperature was tested for 34  C to 38  C simulating the body temperature change. The stent temperature was tested
for the saline flow from 17 to 145 ml/min. A magnetic field was generated using an oscillator (Hewlett Packard Co. 33 120A), a radio-frequency (RF) amplifier (ENI Co. 1040), and a coil. Free space was provided between the agar layer and the coil. The 25-KHz alternating current generated by the oscillator was amplified using the RF amplifier.
The silicone tube was wrapped with a cylindrical 5-wt% agar (with
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*T. Matsui is with the Division of Biomedical Engineering, Research
Institute, National Defense Medical College, 3-2 Namiki, Tokorozawa, Japan
(e-mail: matsuit@res.ndmc.ac.jp).
K. Matsumura, K. Hagisawa, M. Ishihara, T. Ishizuka, and A. Kurita are with
the Division of Biomedical Engineering, Research Institute, National Defense
Medical College, 3-2 Namiki, Tokorozawa, Japan.
M. Suzuki is with the School of Nursing, Kiryu Junior College, Kasakake,
azami 606-7, Kiryu, Japan.
M. Kikuchi is with the Department of Medical Engineering, National Defense
Medical College, 3-2 Namiki, Tokorozawa, Japan.
Publisher Item Identifier S 0018-9294(02)04853-X.

Fig. 1. Schematic diagram of the stent model. The stent was implanted into
a silicone tube which simulates a vessel with an inner diameter of 4 mm. The
saline was warmed to body temperature in a water bath and circulated using
a tube-pump. The 25-KHz alternating magnetic field was irradiated using a
coil. The silicone tube was wrapped with a cylindrical 5-wt% agar layer to
simulate the perivascular tissue. The magnetic flux density was altered from
0 to 12 mT. The temperature of the ferromagnetic thermo-stent was measured
using a thermocouple.

0.9-wt% NaCl) layer. The outer diameter of the agar was 20 mm. The
agar layer simulates the perivascular tissue around the vessel. The temperature of the ferromagnetic thermo-stent was measured using a thermocouple. The magnetic flux density in the center of the magnet was
measured using a solenoid-magnetic sensor. The magnetic flux density
was tested from 0 to 12 mT.
In order to assess the temperature rise of the ferromagnetic
thermo-stent under an alternating magnetic field, the thermo-stent was
implanted under the livers of five black mice under general anesthesia.
The abdomen of each mouse was wrapped with the coil. The alternating magnetic field (25 KHz) was applied for 25 min with a magnetic
flux density of 10 mT. The temperature of the implanted thermo-stent
was monitored during heating using a thermocouple. The mice were
sacrificed and their livers were examined histopathologically.
III. RESULTS
The temperature of the stent gradually reached thermal equilibrium
after 500 s by alternating the magnetic field with a flux density of 10 mT
(Fig. 2). The temperature of the circulating saline was 36  C. The flow
was 58 ml/min. The temperature of the stent was maintained at 42  C
to 43  C after 500 s.
After 500 s of alternating magnetic field heating, the temperature
of the stent where the temperature of the circulating saline was 36  C
reached thermal equilibrium when the magnetic flux density was above
6 mT (Fig. 3).
The temperature of the stent remained at 42.6  C at thermal equilibrium with a magnetic flux density of 10 mT when the flow of the saline
was altered from 17 to 145 ml/min. The temperature of the circulating
saline was 36  C (Fig. 4).
When the circulating saline temperatures were altered from 34  C
to 38  C, the temperature of the ferromagnetic thermo-stent increased
gradually with rising saline temperature (Fig. 5). The temperature coefficient ( st
sa ) was 0.05, where
st was the stent temperature
change and
sa the saline temperature change. The saline flow was
58 ml/min.
The ferromagnetic thermo-stents implanted beneath the livers of the
mice had an approximately uniform temperature of 43  C at thermal
equilibrium during alternating magnetic heating. A histologic study on
hematoxylin–eosin stained sections revealed that there was no evidence
of thermal injuries of the liver resulting from the implanted ferromagnetic thermo-stent.
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Fig. 2. The time required for temperature stabilization of the stent under
25-KHz magnetic field irradiation. The magnetic flux density was 10 mT, the
circulating saline temperature was 36 C when the flow was 58 ml/min, and
the stent temperature was maintained at 42.6 C thermal equilibrium.

Fig. 5. Effects of the circulating saline temperature on the stent temperature.
The temperature of stent rose gradually when the temperature of saline was
increased from 34 C to 38 C. The temperature coefficient,
was 0.05, where
was the stent temperature change, and
the saline
temperature change. The saline flow was 58 ml/min.

1T =1T
1T

1T

change with patient body movement or the location of the magnetic
applicator in clinical settings. Our study suggests that the body movement of patients should not affect the temperature of the ferromagnetic
thermo-stent during heating. The temperature coefficient ( st
sa )
was 0.05, where
st is the stent temperature change and
sa is the
saline temperature change. The temperature change of the ferromagnetic stent resulting from body temperature variation is expected to be
smaller than 0.2  C while the body temperature variation of patients
does not exceed 4  C.
After 500 s of the magnetic field heating in this study, the temperature of the stent became stabilized at 42  C to 43  C. This
high-temperature level above 42  C should give alleviating effects
on atherosclerotic blood vessels because of accelerating macrophage
apoptosis [7], whereas in the physiologic temperature range below
40  C an increase of the local temperature in unstable atherosclerotic
plaques was observed [10].
The thermal conductivity of silicone used in this study was approximately 0.73 W m01 K01 compared with 0.50–0.75 W m01 K01 for
swine cardiac tissues [11]. The specific heat of blood is approximately
4000 J kg01 K01 which is close to that of water [12].
Ferromagnetic thermo-stents implanted into the blood vessels should
enable the future thermo-therapy of patients without catheterization to
obtain the temperature measurement.

1T =1T
1T

1T

Fig. 3. Effects of the magnetic flux density on thermal equilibrium. The
equilibrium temperature of the stent was nearly constant above 6 [mT].
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Fig. 4. Effects of the saline flow on the stent temperature. The saline flow
was altered from 17 ml/min to 145 ml/min. The temperature remained nearly
constant.

IV. DISCUSSION
The temperature of the ferromagnetic thermo-stent was maintained
relatively constant under alternating magnetic field heating for various
conditions such as the circulating saline flow, the saline temperature,
and the magnetic flux density. There was no temperature change of the
ferromagnetic stent when the saline flow was altered from 17 ml/min to
145 ml/min. The average human coronary blood flow of 38 ml/min falls
within this range [9]. The temperature of the ferromagnetic thermostent was nearly constant above 6 mT. The magnetic flux density may
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