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Abstract: The recognition of denatured biological tissue is an indispensable part in the process of high
intensity focused ultrasound treatment. As a nonlinear method, multi-scale permutation entropy (MPE)
is widely used in the recognition of denatured biological tissue. However, the traditional MPE method
neglects the amplitude information when calculating the time series complexity. The disadvantage will
affect the recognition effect of denatured tissues. In order to solve the above problems, the method of
multi-scale rescaled range permutation entropy (MRRPE) is proposed in this paper. The simulation
results show that the MRRPE not only includes the amplitude information of the signal when
calculating the signal complexity, but also extracts the extreme volatility characteristics of the signal
effectively. The proposed method is applied to the HIFU echo signals during HIFU treatment, and the
support vector machine (SVM) is used for recognition. The results show that compared with MPE and
the multi-scale weighted permutation entropy (MWPE), the recognition rate of denatured biological
tissue based on the MRRPE is higher, up to 96.57%, which can better recognize the non-denatured
biological tissues and the denatured biological tissues.
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1. Introduction

Nowadays, high intensity focused ultrasound (HIFU) has been widely used in tumor treatment [ 1-3].
HIFU has the advantages of non-invasiveness and safety compared with traditional tumor therapy
(surgical resection, chemotherapy and radiotherapy) [4]. HIFU treatment is focused on the tumor target
area by high intensity ultrasound, so that the target temperature rises rapidly. When the target
temperature exceeds 63 °C, the protein of the lesion tissue in the target location becomes denatured,
and does not destroy the normal tissues and cells outside the target area, so as to destroy the cancer
cells [5-7]. Therefore, in the process of HIFU treatment, it is the key to ensure the safety and efficiency
of HIFU treatment to accurately detect whether the biological tissue in the target area has been
denatured [8,9].

So far, HIFU researchers generally employ ultrasound technology to monitor the whole treatment
process of HIFU [10—12]. Ralf Seip et al. used the energy characteristics of ultrasonic echo signals to
detect whether denatured biological tissue occurred during HIFU treatment. The experimental results
showed that the denatured recognition accuracy based on signal energy characteristics reached 82% [13].
In reference [14], the sound velocity characteristics of ultrasonic echo signals were used to monitor
the biological tissues during HIFU treatment, and the results showed that the sound velocity of
denatured biological tissues was higher than that of non-denatured tissues. However, the sound
velocity measurement of biological tissue is easily affected by environmental noise, resulting in
inaccurate identification results of denatured biological tissue. From a non-linear perspective, HIFU
treatment will change the entropy value of ultrasonic echo signals in biological tissues [15—17]. Bandt
et al. [18] proposed the multi-scale permutation entropy (MPE) method. MPE has the advantages of
simple calculation and strong anti-noise ability [19-21]. In reference [22], MPE, as the feature of the
ultrasonic echo signals, was used to distinguish the non-denatured biological tissue and the denatured
biological tissue during HIFU treatment. However, MPE does not contain amplitude information of
time series, which reduces the recognition effect for ultrasonic echo signals [23—25]. The multi-scale
weighted permutation entropy (MWPE) was proposed to improve the inherent defect of MPE, which
includes the amplitude information of time series [26]. In reference [27], MWPE was employed for
the recognition of denatured biological tissue during HIFU treatment. However, MWPE adopts the
variance as weight still experiences major limitations in terms of analyses of nonlinear signals with
extreme volatility. For example, the MWPE method cannot extract the extreme volatility
characteristics of the signal effectively when calculating the time series complexity, which will affect
the recognition effect. In reference [28], the rescaled range permutation entropy (RRPE) was proposed
to extract the characteristics of extreme volatility. In view of the above problems, the recognition
method of denatured biological tissue based on multi-scale rescaled range permutation entropy
(MRRPE) is proposed in this paper. Compared with MPE and MWPE, MRRPE selects the ratio of
range and standard deviation as the weight of different fragments in the time series, thereby including
the amplitude information of time series and effectively extracting the extreme volatility characteristics,
which improves the resolution and separability of entropy.

In this paper, The MRRPE method is applied to the HIFU echo signals during HIFU treatment,
and then the support vector machine (SVM) is used to realize the recognition of denatured biological
tissue during HIFU treatment. In addition, the optimal embedding dimension and scale factor
parameters of the MRRPE method are discussed, and compared with MPE and MWPE methods, the
advantages of the MRRPE methods are illustrated.
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2. Principles and methods

2.1. Multi-scale permutation entropy

Multi-scale permutation entropy combines coarse-grained processing with permutation entropy
algorithm, which can effectively extract nonlinear features of time series. The calculation steps are as
follows:

1) For time series X = {xl, Xyseeis Xy }, it can be reconstructed in phase space as follows:
X" =X (0, X (20 X (k). X (N - (m-1)e) (1)
where m is embedding dimension , 7 is delay time, X" (k) can be defined as:
X" (k)= {x(k ) x(k +7),...,x(k + (m-1)r)} (2)

wherek =1,2,...,N -(m-1)r.

2) The time reconstruction sequence {x(k),x(k + z),...,x(k + (m -1)r )} is arranged in ascending
order. The symbol sequence can be obtained as {)&(kﬁ-(l{—l)ﬁs{k#—(lé-l)ﬁs--sx{k#—(l{n-l)ﬁ}. Where 7z, has

m! possible values, 7,"* can be expressed as:

ﬂ-lm,T:{Vl’VZ’“.’Vm} (3)

3)p(7r,’””)is defined as:

me) H{k |k = 1,...,N—(m —I)T;X[”’ThaSﬂf”l)/pe}(‘
pla )= N-(m-1)r @)

4) Permutation entropy (PE) [18] can be defined as:

PE(X,m,7)= Zp( in(p(z)) (5)

5) The time series X = {x,,» x,,...,x, jwith the length of N is coarse-grained. The coarse- grained

sequences )’ ( j ) are obtained by the Eq (6).

y(i)=t 3 ©

i=(j-1)s+1
where j =1,2,...,[ N /s]. s represents scale factor.

6) The multi-scale permutation entropy (MPE) is defined as:

MPE(X,m,7,s)= PE(y*,m,z) )
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2.2. Multi-scale weighted permutation entropy

MPE does not contain amplitude information of time series, which reduces the recognition effect.
In order to solve the problem, multi-scale weighted permutation entropy (MWPE) was proposed based
on MPE method. The calculation steps are as follows:

1) According to the definition of permutation entropy PE(X,m,7)in the Eq (5), p(ﬂl’””) is

weighted , so p, (7:1'" ’T) can be obtained by the Eq (5).

e B

k)= V-(m-1)rlo, )

where @, is expressed as:

%Z[ (k+ (g-0e)- %" &) ©)
where }"”f(k):%zj:l [e(k +(g-1))].

According to Eqs (5) and (8), the weighted permutation entropy WPE (X ,m,7)[26] is defined as:

WPE(X,m,z) pr( “)in(p, (7)) (10)

2) The multi-scale weighted permutation entropy (MWPE) is defined as:
MWPE(X,m,z',s):WPE(ys,m,r) (11)

2.3. Multi-scale rescaled range permutation entropy

MWPE includes the amplitude information of time series, but MWPE cannot extract the extreme
volatility characteristics of the signal effectively when calculating the time series complexity.
Therefore, the multi-scale rescaled range permutation entropy (MRRPE) is proposed by selecting the
ratio of range and standard deviation as the weight of different fragments in the time series, which
includes the amplitude information of time series and effectively extracts the extreme volatility
characteristics. The calculation steps are as follows:

1) According to the definition of the weighted permutation entropy WPE (X ,m, 7 )in the Egs (9)

and (10), the ratio of range and standard deviation is selected as the weight. So @ is expressed as:

i Range(X(k))

Y Std(X (k) (12)

According to Eqs (10) and (12), the rescaled range permutation entropy RRPE (X ,m,z) [28] is
defined as:

RRPE(X,m,7) z pR( 7 )in(py () (13)

La™"
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[ 1 = 1,occ N = (=)o X has 7 type | of

W -(m-1)ejo '
2) The multi-scale rescaled range permutation entropy (MRRPE) is defined as:
MRRPE(X,m,z,s)= RRPE(y*,m,7) (14)

where p, (ﬁ,’"” ) =

3. Experimental result and discussion

3.1. Experimental system

}—» 3D Position System
Hydrophone Probe

Digital Oscilloscope

B-mode
Ultrasound Probe
HIFU Transducer

B-mode Ultrasonography

Thermometer

Porcine Muscle
Rubber Board

~— Water Tank

Computer — Ultrasound Power System

Figure 1. HIFU irradiation experimental system.

(b)

Figure 2. The diagram of non-denatured and denatured tissues slices: (a) Non-denatured
tissue; (b) Denatured tissue.

The HIFU irradiation experiment system is shown in Figure 1. Before the irradiation experiment,
povidone is added into the water tank to remove the bubbles in the water, so as not to affect the
experimental results. Fresh in-vivo porcine muscle tissue is fixed on the rubber plate and placed
directly under the HIFU transducer. The HIFU control system is operated by a computer to adjust the
irradiation position of the HIFU transducer. The HIFU transducer is employed to irradiate porcine
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muscle tissue. The center frequency of the HIFU transducer is 1.39 MHz. The irradiation power of the
HIFU transducer is 210-300 W. The HIFU transducer is turned off after irradiation. The B-type
ultrasonic probe on the top of the HIFU transducer is used to monitor the HIFU irradiation area, and
the fiber-optic hydrophone (FOPH 2000, Germany) is used to receive the HIFU echo signal. Then the
digital oscilloscope (Tektronix, MDO3032, USA) is used to average the signal 50 times to improve
the signal-to-noise ratio. The received HIFU echo signal is converted into a digital signal by the digital
oscilloscope and stored in the computer. In this paper, a total of 292 HIFU echo signals (including 146
non-denatured states and 146 denatured states) are obtained from 15 porcine muscle tissues. In addition,
the thermometers at the HIFU irradiation target area are used to measure the temperature of the
irradiation area. The denatured state of biological tissue slices is obtained. The diagrams of non-
denatured and denatured tissue slices are shown in Figure 2.

3.2. Comparison between different entropies of simulated signals

To further illustrate the advantages of the MRRPE method, according to the published reports [28],
the Rossler sequences are generated as the simulated signals. Here, S1, S2, S3, S4, S5 and S6 are the
six Rossler sequences with different information structures:

x=—(y+zfy=x+ay;z=bx+xz—cz (15)

Rossler sequence S1: The parameters of a, b and ¢ are configured as 0.3, 0.4 and 4.5.
Rossler sequence S2: The parameters of a, b and ¢ are configured as 0.29, 0.4 and 3.1.
Rossler sequence S3: The parameters of a, b and ¢ are configured as 0.386, 0.35 and 3.8.
Rossler sequence S4: The parameters of a, b and ¢ are configured as 0.37, 0.45 and 3.
Rossler sequence S5: The parameters of a, b and ¢ are configured as 0.38, 0.3 and 4.5.
Rossler sequence S6: The parameters of a, b and ¢ are configured as 0.3, 0.2 and 2.09.

We select the embedding dimension parameter m = 4, delay time 7z = 2. The MPE, MWPE and
MRRPE of the six Rdssler sequences are calculated respectively. The results of different entropy
values of the Rdssler signal under scale factors 1-20 are shown in Figure 3. As shown in Figure 3, the
entropy value of MPE, MWPE and MRRPE increase with the increase of scale factor. It can be clearly
seen that the MPE values curves of six different Rossler sequences have more overlap and poor
resolution. Although MWPE has a higher resolution than MPE, the MWPE values curves of the
sequences S2 and sequences S3, sequences S5 and sequences S6 still overlap, respectively. Compared
with MPE and MWPE, MRRPE values curves of six different Rossler sequences have no overlap. In
addition, the resolution between each MRRPE curve of S1, S2, S3, S4, S5 and S6 is more obvious with
the increase of scale. This means that MRRPE not only includes the amplitude information of the
signal when calculating the signal complexity, but also extracts the extreme volatility characteristics
of the signal effectively, which improves the resolution when analyzing the simulated signals.

3.3. Comparison between different entropies of actual HIFU echo signals

As shown in Figures 4 and 5, the time-domain diagram and frequency spectrum of HIFU echo
signals of non-denatured tissue and denatured tissue are shown respectively. The number of sampling
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points of the HIFU echo signals is 10000. The center frequency of the HIFU echo signals is 1.39 MHz.
The MPE, MWPE and MRRPE methods are used to calculate the entropy value of 292 HIFU echo
signals (including 146 non-denatured and 146 denatured states). We choose the delay time parameter
as 2, the embedding dimension parameter as 4, 5, 6, 7, 8, and the scale factor parameter as 1-15.
Support vector machine (SVM) is used to classify and recognize the extracted features. The kernel
function of SVM is selected as the radial basis function (RBF). Then, 146 HIFU echo signals
(including 73 non-denatured and 73 denatured states) are randomly selected as the training set, and
the remaining 146 HIFU echo signals are selected as the test set.
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Figure 3. The results of MPE, MWPE and MRRPE of the Rdossler signals: (a) MPE; (b)
MWPE; (c) MRRPE.
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Figure 4. The HIFU echo signals of non-denatured tissue and denatured tissue: (a) Non-
denatured tissue; (b) Denatured tissue.
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Figure 5. The frequency spectrum of non-denatured tissue and denatured tissue: (a) Non-
denatured tissue; (b) Denatured tissue.

The denatured recognition results of MPE, MWPE and MRRPE features under different embedding
dimensions and scale factor parameters are shown as shown in Figure 6. It is clearly seen that when the
scale factor parameter is too small (for example, when the scale factor is 1 or 2), the recognition
accuracy of denatured biological tissue is low. This is because the advantage of the multi-scale entropy
feature analysis method cannot be well reflected due to the small scale factor parameter. Meanwhile,
too large scale factor parameter will enhance the entropy fluctuation of each coarse-grained sequence,
which will decrease the recognition accuracy. As shown in Figure 6(a), when the embedding dimension
is 6 and the scale factor is 13, the recognition accuracy of MPE is the highest. As shown in Figure 6(b),
when the embedding dimension is 6 and the scale factor is 13, the MWPE method has the highest
recognition accuracy. Compared with MPE and MWPE methods, the recognition accuracy based on
MRRPE is higher. In addition, as shown in Figure 6(c), when the embedding dimension is 6 and the
scale factor is 14, the recognition accuracy of MRRPE is the highest.
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Figure 6. The recognition results of denatured biological tissue based on MPE, MWPE
and MRRPE: (a) MPE; (b) MWPE; (c) MRRPE.

To further demonstrate the advantages of the proposed method, the best SVM recognition results
of denatured biological tissue based on the MPE, MWPE and MRRPE are compared. Figure 7 shown
the SVM recognition diagrams of MPE, MWPE and MRRPE. It can be seen that Abscissa 1 to 73 are
non-denatured tissue samples, 74 to 146 are denatured tissue samples. The ordinate type 1 represents
the non-denatured tissue status, type 2 represents the denatured tissue status. Compared with MPE and
MWPE methods, the MRRPE method has fewer misidentification samples of non-denatured tissues
and denatured tissues. The recognition rate of denatured biological tissue based on MRRPE
reaches 96.57%, which means that the recognition method of denatured biological tissue based on
MRRPE can better identify whether biological tissue has been denatured compared with MPE and

MWPE.
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Figure 7. The SVM recognition diagrams based on MPE, MWPE and MRRPE: (a) MPE;
(b) MWPE; (c) MRRPE.

4. Conclusions

This paper realizes the identification of denatured tissues based on MRRPE of HIFU echo signals.
To solve the shortcoming of the MPE method, the MRRPE method is proposed to improve the
resolution. The simulation results show that compared with MPE and MWPE, the MRRPE method not
only includes the amplitude information of the signal when calculating the signal complexity, but also
extracts the extreme volatility characteristics of the signal effectively. In addition, the proposed method
is applied to the actual HIFU echo signals, the results show that the recognition accuracy of MRRPE
for the denatured biological tissues is higher than that of MPE and MWPE regardless of embedding
dimension of 4, 5, 6, 7 and 8. When the embedding dimension is 6 and the scale factor is 14, the
recognition accuracy of MRRPE is the highest, up to 96.57%. The above results demonstrate that
compared with MPE and MWPE, the recognition method of denatured biological tissue based on
MRRPE can better identify whether biological tissue has been denatured.
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However, some parameters in the proposed method need to be set according to manual experience.
We consider using the artificial intelligence method to optimize the algorithm parameters in future
work.
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