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A Model-based Fuzzy Ultrasound Signal Processing System for
Determining Coagulation Front in Laser Irradiated Tissues

Peiyun Wu, Hao Ying, Jialiang Lu and Guanrong Chen

Abstract

Tissue thermal coagulation using laser
energy is used clinically to treat tissue lesions
such as cancers. Ta avoid over- ar under-
treatment, it is necessary to know in real-time
the coagulation damage front. Such a
measurement technique however is unavailable.
In this paper, we present a new fuzzy logic-based
ultrasound signal processing technique for
detecting the coagulation front in laser
irradiated tissue. The fuzzy system that we have
developed determines the coagulation front
based on the ultrasound measurement. The
system combines a theoretical model with a new
fuzzy logic-enhanced recursive least-squares
method. Computer simulation is conducted to
compare the fuzzy system with the traditional
least-squares method, recursive least-squares
method, and extended Kalman filter method and
to demonstrate the effectiveness of the fuzzy
system. Our new lechnigue is also applied w the
data obtained from laser experiments using pig
liver samples. The coagulation depths obtained
by the fuzzy system are compared with the gross
inspection results.

Keywords: Ultraseund signal processing, Laser
irradiated tissues, Model based fuzzy system

1. Introduction

Medical lasers have been widely used in
diagnostic and therapeutic  applications. In
particular, tissue thermal therapies using laser have
shown great promise for minimum invasive
treatment of benign and malignant lesions [8].
During tissue irradiation with a continuous wave
laser bean, light is scattered and absorbed. The
absorbed laser energy produces heating in a volume
of tissue. As temperature rises to above 55°C,
cellular and tissue structure proteins undergo
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denaturization and conformational changes, a
process defined as thermal coagulation [8]. In order
to necrosis the diseased tissue volume without
thermally damaging the surrounding normal tissue,
the front induced by laser-irradiation needs to be
determined during therapeutic treatment procedure.

Thermal damage in laser irradiated tissue is a
complex process. The effective and safe nse of
medical lasers relies on a thorough understanding
of optical and thermal properties and the process of
thermal damage in tissue. Coagulation damage in
tissue has been studied from a theoretical viewpoint,
and mathematical thermal models can help defining
laser parameter in relation to therapeutic use.
However, since the laser-lissue interaction is
complex and implicit, and assumptions in
theoretical models are often idealized but not
realistic, the existing mathematical models may not
describe accurately the behavior of laser irradiated
tissue, Therefore, there is a need to develop real-
time techniques for measuring the optical and
thermal responses of tissue to laser irradiation. The
assessment of coagulation front based on
ultrasound technique has been investigated by
many researchers (e.g., [2-7]). B-mude ultrasound
imaging has been proposed as a tool for visually
monitoring the size of thermally induced tissue
necrosis during laser irradiation. However, it is
required to process off-line the ultrasound images
to obtain quantitative estimation on the size of
thermally induced tissue necrosis.

Tissue coagulation is a gradually changing
process, there is ne clear boundary between
damaged and normal tissue. It is difficult to get a
precise assessment of coagulation front directly
from ultrasound signals because signal-noise ratio
(SNR) of echo signals is low, and there are some
other ftactors that cause change of ultrasound
signals. Therefore, an effective measurement and
signal-processing system needs to be developed so
that thc damage boundary of coagulation in laser
irradiated tissue can be tracked.

We propose in this paper a fuzzy system that
combines a model-based technique with a new
fuzzy' logic-enhanced recursive-least squares
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method , which can filter the measurement noise in
ultrasound signals and determine the coagulation
front. As it will be shown, the computer simulation
and experimental data studies are promising,
indicating the feasibility of using the fuzzy system
in detection of laser coagulation front. Such a
system would be useful in developing a real-time
control system that could control coagulation depth
in laser irradiated tissue. The reader is referred to
our more recent rescarch results in this regard [5].

2. The Fuzzy System

The advance of coagulation front in Lissue
along with laser heating time can be modeled by an
exponential curve:

dogy(t)=dy—a-e ™

(H
where ¢ and 4 are unknown model parameters; o, is
the known thickness of tissue; ! is laser irradiating
time; d,./t) is an estimate of coagulation depth at
time ¢

The measured values of coagulation front,
d....(1), are obtained from the ultrasound signals.
The value may not be accurate due to significant
measurement noise, the nature of ultrasound signals
and complexity of laser-tissue interaction. The
fuzzy system is to evaluate the measurement values
of the damage boundary based on the coagulation
depth model using fuzzy logic, so as 1o determine
the actual coagulation front, J(¥j. The following
formula is used to calculate the actual coagulation
depth:

d([) =0 'desf([)'i'(l —Oﬂ) 'dmea.s‘([) 2)

where a, 0<a <1, is computed using fuzzy
logic, and d,..(1 is the measured value of
coagulation front that is effected by strong noise
and error. The goal is to find a good, ideally
optimal, value of « .

The fuzzy logic system for computing o is
shown in Fig. 1. Two input variables are used. One
is the number of boundary points, N, that has been
used to estimate the model parameters in
calculation, that is, the number of data used to
estimate &, . Intuitively, if' the number is bigger,
then the confidence of d,, is higher; otherwise it
is lower. Another input variable is the difference
between o . and d,,., (ie., the error or E). If the

Medrs
and d,,,, are considered

oSt
error is smaller, both &,

to have higher confidence. On the other hand, if the
error is bigger, at least one of them has a lower

confidence. The output variable is ¢, which is the

weight in (2). Table | gives the definitions of the
fuzzy sets for the input and output fuzzy variables,
where

Error = ‘ Aost — dmea.s" 3

A mixture of triangular and trapezoidal membership
functions is used, as showed in Fig. 2. The tissue is
usually sampled 20 points during laser irradiation
for coagulation measurement, So the medium value
for variable, the number of points (N), is selected as
10. In the membership functions of E, & is an
estimated standard deviation for the measured data
calculated by

i(xi _)_C)Z

i=1

(4)

n-1

X =

[nput Variables Output Variable

Fuzzitication

Number o
of points (N} Defuzzification by \weiah (q)

Figure 1. Fuzzy subsystem for computing the weight.
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Figure 2. Membership functions of the fuzzy sets

Table |. Names of the fuzzy sets

Small | Middle | Big
Number of points (N) NS NM NB
Error (E) ES EM EB
Weight (0 ) WS WM | WB
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The following seven fuzzy rules are used by
the fuzzy system:

IF E is ES THEN o is WM,

IF E is EM and N is NS THEN ¢ is WM,
IF E is EM AND N is NM THEN ¢ is WM,
IFEis EM AND N is NB THEN « is WB,
IFEis EBAND NisNSTHEN ¢ is WS,
IFEis EBAND N is NM THEN o is WB,
IFEis EBAND N is NB THEN « is WB.

The basic idea here is that if the estimated value
from the model, d,, is very close to the measured
value obtained from ultrasound signals, d,... then
the inference result is just the mean of the two
values. But if there is a bigger difference between
the two values, the term with higher confidence will
have a heavier weight. Zadeh fuzzy logic AND is
used in the rules:

u(o) = min{ u(N ), p(E)) (5)

Using the centroid defuzzification formula, the
crisp value of weight o is obtained as follows:

m
2o pog)
a =5 (6)
2 pa;)

i=]

where i =12, ..., m, which is the number of rules
being executed, and &, is the central value of the

a set corresponding to p{at ).

Table 2. Fuzzy rule table

Eis ES Eis EM Fis EB
Nis NS aisWM | gisWM | aisWS
N is NM o is WM a IS WM o is WB
Nis NB a is WM | o is WB o is WB

3. Determination of Coagulation Front

The fuzzy system above is only a subsystem of
a larger fuzzy system shown in Fig. 3. This larger
system operates in two phases to track the advance
of damage front in laser irradiated tissue:

(1) In the predictive phase, an estimate of the
damage front of the next sampling time is first
obtained by the model. When a new front point
extracted from the ultrasound signal becomes
available, appropriate fuzzy rules are fired to
determine a new coagulation front.

(2) In the calculating phase. based on those
predictive points of the damage boundary, a
data-fitting technique (i.e, recursive least-
squares method) is used to obtain appropriate
parameters of the thermal damage model.

The two phases are carried out alternatively. In
the predictive phase, we need the model with the
parameters computed by the calculating phase to
estimate the damage depth at the next sampling
time. And, in thc caleulating phase, we need the
predictive points produced by the predictive phase
to estimate the model parameters. Therefore, the
tracking process 18 a recursive computation
procedure using the entire set of historical data.

—hT
:! dy —ur
M & .
' T Farametor for Ao (AT}
' ¥ Identi fication AT Coagalation p
ﬁ@) LS Fronc
N
Fuzzy
¥ wiAL)
-y System >
ik M) ’ At
al KT} ¢
meas
u -

Figure 3. Modcl-based fuzzy system for coagulation front
determination.

The main procedure for detecting coagulation
front is given as follows:

1.1dentify model parameters in the model

d(t):a’o—a-ewbt,
points, d(kT Y where T is sampling perid and
k=12,..,N), that have been predicted to
estimate parameters ¢(k7) and b(kI), where /=kT.

Use the first N front

2. Estimate of the front point at the next sampling
time is:
doi(thk + )T j=dy—a(kT }-e

3.Extract the point d,..((k+1Tj from ultrasound
signal.

~b(KT J(k+1)T

4.Calculate the input and output variables for the
fuzzy system:
E=| dpoas (k+ 11 j = dy {(K +1)T )
N=kand e.

5. Compute the predicted value of the front point:
dik+ DD =a-d ,{(k+1)T)+

-a)-d,. ((k+1T).

6.Let k = k+1 and go to step | until the end of data

processing.

H
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Computer Simulation Study

To investigate the effectiveness of the
proposed fuzzy system, we compare it with the
traditional least-squares method, recursive least-
squares method, and extended Kalman filter
method in computer simulation.

Average erron
(=R = =] - -
. L

=]
i

We suppose that the coagulation front in the casel  casel  cased  cased  case
form of exponential curve generated by
Oleast squares  Mfuzzy system
y=dy—a- e
where dy, =10, a=85 and b=015 We 25
randomly generate N dala points around the s 2
exponent curve to represent the noisy and erratic § RN
measurement values of the coagulation boundary b 0; 7 B 7
extracted from the ultrasound signals. Let N = 20. L ‘ ‘
Assume the measurement error for each data point case ] wase?  cased  cased  case S

is random and normally distributed. Standard
deviations of these normal distributions, denoted as
o, are assumed to be the same for all the points.

[ least squares  Mfuzzy system

We choose o =1.2. o,
3.1 Comparison with the Least-Squares Method g 15
2 1

If the boundary points at all sampling times are Z s
available, the traditional least-squares method can -

be used to estimate the model parameters and to get cose | case?  cased  cased  cass S
a damage front curve. Applying the fuzzy method

. O least squares M fuzzy system
to the same boundary points can also produce the ’

estimates of the model parameters and damage Figure 4. Comparison of the boundary detection
front curve. We generated five series, that is five errors between the fuzzy system and the least-
cases, of random data for a statistical study. Fig. 4 squares method.

shows the boundary detection results and three
error criteria are used, defined as [vllows;

N
Average Absolute Error: A4AE =% 3 ‘dn - d,-| 6)

n=l

Value ofa

Maximum Absolute Error: pM4E = max ’dn - dA ")

D<nsN
1 X 2 '
Mean-Squared Error: MSE = — Z (dn —_ d[ ) (8) case 1 case 2 case 3 case 4 case 5
N
n=1 Olirue value M least squares O fuzzy system

where d, is either measurement value or estimated
value, and d, is the true boundary value of the

mathematical model generating the data. According
to the figure, the error of the fuzzy system is
smaller than that of the least-squares method in all
five cases. This indicates that the coagulation front
curve computed by the fuzzy system is closer to the
actual damage boundary. The accuracy of casel]  casel  case3d case §
estimating the model parameters using these two
methods is also compared and the results arc given
in Fig. 5. The fuzzy system yields better parameter
estimates than the least-squares method.

M true value Mieast squares [ fuzzy system

Figure 5. Estimates of the two model parameters.
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Table 3. Comparison of the fuzzy system with the RLS method.

Total Number of test Squares of mean error for parameter estimate

number in which RLS method Fuzzy system
of test fuzz“’l;:::::m | Parametera | Parameterb | Parametera Parameter b
1000 698 5.1863 0.0015 2.8780 6.1760x10
1000 685 5.2799 0.0015 2.0547 6.1035x10™
1000 700 5.3304 0.0015 3.0542 6.1417x10™
1000 660 5.0178 0.0015 3.2848 6.4133x10™
1000 686 5.3604 0.0015 3.1100 6.0395x10"
1000 670 5.2628 0.0016 3.0928 6.2184x10™
1000 700 5.0513 0.0015 3.1305 5.9913x10™
1000 662 5.5353 0.0016 3.3000 6.7487x10™
1000 701 5.4804 0.0016 3.0043 6.2972x10*
1000 693 4.9727 0.00135 2.9350 5.4895x10™
10000 6820 5.2961 0.0016 3.1172 6.3294x10™
10000 6764 5.3922 0.0016 3.0836 6.1427x10*
100000 67775 5.3197 0.0016 3.0983 6.2000x10™

3.2 Comparison with the Recursive Least-
Squares Method

Using the recursive least-squares (RLS)
method allows to produce the estimated values of
the damage boundary at each sampling time as well
as to calculate the sum of squared errors for all
sampling times. Using the same five data sets as
above, Table 3 gives the statistic results. It is
concluded that there is about 68% chances in which
the fuzzy system is hetter than the RI.S method. In
the other 32% trials, they are quite close. The mean
parameter estimate errors are also given in Table 3.
For both a and b, the estimated errors using the
fuzzy system are smaller than those of the RLS.

Fig. 6 shows the mean estimate error of each
boundary point after repeating the random sampling
processes for 10000 times, where the number of
boundary points is extended to N = 50. According
to the figure, the boundary detection precision is
related to the number of boundary points. Both the
RLS method and the fuzzy system have higher
precision as the number of points increases. The
fuzzy systemn generally has less error than the RLS
method for all boundary points. For a quantitative
comparison, we use relative errar 8 defined as:

lel - 2]
= — ©®

where ¢/ and e2 are the mean errors of boundary
points obtained using the RLS method and the
fuzzy system, respectively. The relative error
comparison is shown in Fig. 7. The larger the &,
the better the estimate result of the fuzzy system as
compared with the RL.S method. One can see that
the two methods are almost the same at the first 5

boundary points (6 = 0). However, the fuzzy system
approach is better as the boundary points increase
(note that §>0). The fuzzy system achieves the best
detection precision when the number of points is in
the range of 22 to 26 (maximum 5 is about 0.37}.
Afterwards, the precision of the fuzzy system
method with respect to the RLS method keeps
constant as 8 becomes flat.

T
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—a— fuzzy-system method

Figure 6. Error comparison of the fuzzy system
with the RLS method.
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Figure 7. Relative error vs. boundary points.
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3.3 Comparison with the Extended Kalman
Filter Method

The extended Kalman filtering (EKF)
algorithm can be applied to nonlinear stochastic
systems [l]. Detection of coagulation tront is
actually an adaptive system identification problem.
Therefore, we can apply EKF scheme for this
identification problem.

For the coagulation front model in laser
irradiated tissue, i.e.,

d(t)=dy—a-e

if we choose

x(t)=a-e—bt,

then
dit)=dy—x(1).

Consequently, the model described by (1) can be
represented by the following state-space equation:

x(t) = —bx(t)
where the iuitial condilion is x(0) = « . Its discrete
form is
Xpp =(1-57 )x,,
and the measurement equation is
dy =Dy —xg +14
where D)) is a known constant. Here,{n; } is a

zero-mean (Gaussian white noise sequence with
cov(ny ) =1.2 . We treat the unknown parameter b

as a random variable and set
by by + gy
where 5, is the value of the parameter 4 at the kth

instant, with another Gaussian white noise sequence
{c,}, cov(g,)=10.1. Therefore, the above model

becomes the following nonlinear one:

[xkﬂ] ) [(l—ka)Xk}{ 0 ]
Bt 41 by, Sk

(10)
X
dk = (—1 0)[ka+DO + Nk
&

The initial estimate of x, is %, = E(x,) with

~ ] X

b, = 7(1 — )., where actually the discrete time
x

step T=1. Therefore, the EKF algorithm can be
performed as follows:

b (120
00710 o1}

Fork=1,2, ..,
()’Ek,kv]J — (] —bﬁk_l)'i‘/tgl
B k-1 br_
1=ty —%p Ty O (0 0
P = Py +
b ( 0 I )" H '[ﬂ"c,c_, 1) o o
-1 -1 -
Gk = P!'c,k—l (—1 O)Pk,kfl +1.2
0 0
1 0
Fg= 0 1 ~Gy(=1 0){Ps

X i N
("k)=[*kk]}+(&(dkEb+xkk4)-
b ) \bik-

Two simulation studies were performed, and
the results of the first study are shown in Fig. 8 and
Fig. 9, where the initial estimate of x, is 8.3496 and
that of b is -0.0682. The results of the second study
are shown in Fig.10 and Fig. 11, where the initial
estimates of x; and b are 3.4483 and -0.064,
respectively.

The advantage of the extended Kalman filter is
its insensitivity to the initial value of the system.
Nevertheless, the simulation results show that the
fuzzy svstem approach has higher precision for
boundary detection, especially when the total
number of boundary points is larger than 10.

Boundary

— v T R
123 4 5 6 7 8 9161t 121314151617 1819 20

Boundary points

-~ theoretical valugs — %=+ measured values

— = — fuzzy predicted values -- = - -cxtended Kalman filter

Figure 8. Comparison of boundary computation
between the fuzzy system and the extended Kalman
filter: the first simulation study.
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Figure 9. Boundary detection error comparison
between the fuzzy system and the extended Kalman
filter: the first simulation study.
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Figure 10. Comparison of boundary computation
hetween the fuzzy system and the extended Kalman
filter: the second simulation study.
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Figure 11. Boundary detection crror comparison
between the fuzzy system and the extended Kalman
filter: the second simulation study.

4. Experimental Study

The fuzzy system presented above was applied
to the ultrasound signals collected during seven
irradiation experiments of pig liver samples by
Nd:YAG laser. The results are shown in Table 4.
For experiments 1, 2, 3 and 5, the fuzzy system
produces reasonable results whereas for the other
three cases, the error is quite significant.

Table 4. Results of processing the ultrasound
signals from seven experiments with pig liver tissue
using the fuzzy system

Gross inspection | Fuzzy System

(mm) {mm)
Experiment 1 10 8.5
Experiment 2 13 12.0
Experiment 3 9 5.3
Experiment 4 9 6.1
Experiment 5 8 9.8
Experiment 6 9 12.3
Experiment 7 7 9.5

5. Conclusions

A new fuzzy system for determining
coagulation front in heated tissue is presented. Our
approach combines model parameter identification
with fuzzy logic. The fuzzy system is compared
with the traditional least-squares method, the
recursive least-squares method, and the extended
Kalman filter methods. Computer simulations
indicate that the fuzzy system is able to obtain
higher estimation accuracy in boundary detection as
compared with the other methods. The fuzzy
system has been tested using the ultrasound signals
obtained from the experiments involving pig liver
tissue irradiated by Nd:YAG laser. The coagulation
depths calculated by the fuzzy system
approximately match the gross inspection results.
These promising results indicate the feasibility of
using the fuzzy system in detection of laser
coagulation front. Such a system would be useflul in
developing a real-time control system that could
control coagulation depth in laser irradiated tissue.
The reader is referred (0 our more recent research
results in this regard {5].
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