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Ultrasonic surgical devices are routinely used for 
surgical procedures. The incision and coagulation of tissue 
generate a temperature of 40 °C–150 °C and depend on 
the controllable output power level of the surgical device. 
Recently, research on the classification of grasped tissues 
to automatically control the power level was published. 
However, this research did not consider the specific 
characteristics of the surgical device, tissue 
denaturalization, and so on. Therefore, this research 
proposes a robust algorithm that simulates noise to 
resemble real situations and classifies tissue using 
conventional classifier algorithms. In this research, the 
bioimpedance spectrum for six tissues (liver, large intestine, 
kidney, lung, muscle, and fat) is measured, and five 
classifier algorithms are used. A signal-to-noise ratio of 
additive white Gaussian noise diversifies the testing sets, 
and as a result, each classifier’s performance exhibits a 
difference. The k-nearest neighbors algorithm shows the 
highest classification rate of 92.09% (p < 0.01) and a 
standard deviation of 1.92%, which confirms high 
reproducibility. 
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I. Introduction 

An ultrasonic surgical device allows for making incisions 
and controlling hemorrhages by heat using the vibration of an 
ultrasonic vibrator [1]–[3]. The device has a disadvantage in 
that the incision and coagulation of tissue take a long time 
compared to the take taken by electrical surgical devices. 
However, ultrasonic surgical devices are very effective in 
controlling hemorrhages and minimizing thermal damage to 
surrounding tissues owing to low operating temperature. In 
addition, they produce less smoke and prevent the passage of 
electrical current through the patient [4]–[8]. Thus, ultrasonic 
surgical devices have been routinely used in surgical 
procedures such as laparoscopy and open surgeries of the lung 
and liver.  

In general, an ultrasonic surgical device is composed of  
three parts: 1) a high-frequency generator, 2) a handpiece 
(transducer), and 3) an ultrasonic scalpel, including a blade. 
The generator creates a high-frequency signal, producing an 
ultrasonic wave, and the piezoceramic handpiece transforms 
this ultrasonic wave into a mechanical vibration. The 
transducer delivers ultrasonic vibrations to the ultrasonic 
scalpel, which contacts the tissue directly to perform incisions 
and hemostasis [9], [10].  

The high-frequency generator plays the important role of 
activating the ultrasonic surgical device by automatically 
controlling the frequency to match the output impedance with 
the load impedance so that the system can operate in resonance 
mode [2], [3]. Matching the resonance frequency increases the 
effectiveness of surgery and reduces the energy produced by 
the high-frequency generator. Moreover, the output power level 
of the high-frequency generator can be controlled in an 
ultrasonic surgical device. Increasing the output power level 
increases the tissue incision speed, and decreasing the output 
power level increases the efficiency of hemostasis [9], [10].  
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However, the ultrasonic surgical devices currently on the 
market cannot automatically control power level with respect 
to tissue characteristics, despite being able to control the output 
frequency of the high-frequency generator. As a result, the 
output power level needs to be controlled using a foot switch or 
a button on the handpiece. This discomfort of operation, 
coupled with the manual control of the output power level 
according to the tissue characteristics, results in longer surgical 
procedure times and renders the device unsuitable for 
hemostasis during excessive bleeding [11].  

Previous research showed that thermal tissue damage 
increased on average 1.41 times, from 90.42 µm to 127.48 µm, 
when the power level was increased from 3 to 5 in an 
ultrasonic surgical device that could control the output power 
level on a scale of 1 to 5 [12]. Furthermore, the position at 
which the inside of the blade makes contact with the tissue is 
not incised, forcing the surgeon to increase the output power 
level of the ultrasonic surgical device. This results in thermal 
damage to the surrounding tissue caused by the rapidly 
increasing temperature [13].  

In order to solve these problems, through the analysis of the 
electrical characteristics of each type of tissue, research 
regarding the control of the output power of ultrasonic surgical 
devices according to tissue characteristics has recently been 
highlighted [14]–[16]. Ying and others [14] researched the 
operating frequency, input admittance, and reflection rate of 
ultrasonic surgical devices for each type of tissue in various 
environments such as idle conditions, muscle, liver, fat, skin, 
cartilage, cancellate bone, and compact bone. Cartilage showed 
a tendency to reduce the operating frequency, and bone tissue 
showed a tendency to increase the operating frequency. The 
detected transfer characteristics of the resonance frequency 
were input into the high-frequency generator of the ultrasonic 
surgical device, and feedback was given.  

The efficiency of energy transfer to the target tissues is 
reduced when the signal is not coupled to the resonance 
frequency generated by the high-frequency generator. 
Therefore, the efficiency of the tissue incision is also reduced. 
The results of this research can be applied in a clinical setting to 
increase the efficiency of surgery while reducing the sensitivity 
of the load on the ultrasonic surgical device. However, this 
research focused on increasing the output power transfer 
efficiency according to the tissue characteristics by inputting a 
signal of a specific frequency for each tissue rather than by 
automatically controlling the output power level.  

Kim and others [15] verified that mechanical and dielectric 
losses arise when forceps on the structural part of the ultrasonic 
surgical devices disturb the blade vibration. Changes in 
impedance displacement were measured experimentally 
according to the changes in force displacement. In addition, it 

was verified that the impedance value is measured differently 
according to the tissue characteristics. In addition, the possible 
construction of an energy control system for classified tissue, 
along with the possibility of classifying the impedance of 
different tissues by grasping them between forceps, was 
suggested.  

A control system to increase the efficiency of the effects of 
the piezoelectric element, used for vibration in ultrasonic 
surgical devices, was developed. However, this research did 
not measure the characteristics of the incised/hemostatic tissue 
directly. Nevertheless, the researchers found a way to control 
the output power by measuring the mechanical and dielectric 
losses of the vibrator. Therefore, it is not possible to 
automatically control the output power level of ultrasonic 
surgical devices. This research, similar to Ying and others 
focused on increasing the output power transfer efficiency. 

Youn and others [16] developed a multi-classifier algorithm 
to classify different types of tissue by measuring the impedance 
value using an ultrasonic surgical device. Preliminary research 
was carried out in order to automatically control the output 
power level according to each tissue characteristic, for effective 
surgery. Unlike previous research, Youn and others focused on 
controlling the output power level of ultrasonic surgical devices 
by analyzing tissue characteristics in direct contact with the 
structural part of the device.  

Since the tissue impedance changes according to the 
progression of surgery—meaning that the impedance value 
changes when the property of the tissue changes during the 
incision and coagulation process—the effects of these changes 
were not considered in this research. Tissue impedance will be 
affected by changes in the physical characteristics of tissue 
caused by a change in temperature, carbonization, or thermal 
denaturation while using ultrasonic surgical devices [17]. 
Moreover, the changes in impedance during surgery can act as 
noise in the tissue classification algorithm.  

Therefore, the purpose of this research is to propose the most 
robust classifier algorithm through noise simulation, which 
considers real situations in order to classify multiple biological 
tissue using conventional classifier algorithms. Thus, a device 
required to measure the bioimpedance of major pig tissues was 
developed and designed with spring-type electrodes to 
implement a gripping force at the terminal end of the ultrasonic 
scalpel. To consider real environments such as external 
temperature changes, generated heat, and elapsed time, 
additive white Gaussian noise (AWGN) was used for noise 
simulation [18], [19].  

In addition, the test set for evaluating classifier algorithms, 
which is robust to noise, was diversified into nine classes 
through the signal-to-noise ratio (SNR). Hence, a comparative 
analysis of the classification performance of classifier 
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algorithms was performed. 

II. Methods 

1. Tissue Types Used in Classification and Experimental 
Environment 

To classify tissues that are grasped by the ultrasonic scalpel, 
six tissue types were used. Among the selected tissue types, 
liver, intestine, kidney, and lung were selected since these 
organs have the highest incidence of cancer. Muscle and fat 
was selected because they have highest composition ratio in the 
body [20].  

For the experiment, six different fresh tissues were extracted 
from each of five pigs within 2 h after slaughtering. The tissues 
used in this researched were slaughtered for the purpose of 
food. This does not require approval from the Institutional 
Animal Care and Use Committee.  

The bioimpedance spectrum for extracted tissues was 
measured 20 times by randomly changing the measurement 
region consideration of tissue heterogeneous. A total of 600 
datasets were collected by measuring the six different tissues 
from five pigs a total of 20 times. To minimize and secure the 
discrepancies in the bioimpedance and homogeneity of each 
tissue, the terminal part of the device (the electrode) was 
cleaned with an alcohol swab (or an alcohol prep pad) to 
remove tissue debris after measuring the bioimpedance 10 
times. The temperature of the laboratory environment was 
maintained at 24 °C.  

2. Developed Device for Bioimpedance Measurement 

Figure 1(a) shows a block diagram of the input variables (or 
feature vectors) used for multitissue classification. The major 
hardware items were an AD5933 (Analog Devices Inc., 
Norwood, MA, USA) for bioimpedance measurement, and a 
MSP430 microcontroller (Texas Instruments, Inc., Dallas, TX, 
USA). The electrode used for this experiment was bipolar-
shaped, and its specifications are shown in Fig. 1(b). The 
electrode that was used in this experiment is a pogo-pin type 
that contains a spring inside. It was selected to be minimally 
invasive with regard to contact with tissue and in the gripping 
force of the forceps at the end of the ultrasonic device. The 
developed device for measuring the bioimpedance of selected 
tissues is shown in Fig. 1(c). The device was produced as a pen 
type to make measuring easier by considering the application 
of the surgical device [21]. 

The measured frequency was limited to a range of 10 kHz to 
100 kHz, which is the maximum measurement range of the 
AD5933 chip. This is because impedance data measured at  
low frequency is affected by electrode polarization impedance 

 

Fig. 1. Developed bioimpedance measurement device and its 
operation principle: (a) block diagram to measure 
bioimpedance of tissues, (b) specifications for electrode 
and measurement method used for bipolar type, and (c) 
pen-type structure of hardware based on AD5933 and 
MSP430. 
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when using a small electrode [22]. In addition, the electrical 
bioimpedance spectrum was measured in 10-kHz intervals of 
frequency with regard to the designated frequency range. The 
bioimpedance magnitude (Ω) and phase (°) corresponding to 
each measured frequency were calculated. The measuring time 
of the bioimpedance spectrum for each interval was 149.67 ms. 

A performance evaluation of the developed device was 
conducted by using a parallel circuit that uses resistance    
(15 kΩ) and a capacitor (30 pF) on the basis of the electrical 
characteristics of the tissue and previous research [23], [24]. 
The relative error for each frequency range was calculated as 
follows:  

 measurement true

true
Relative error (%) 100.

X X
X -

  (1)  

3. Selected Classifier Algorithms 

The selected classifier algorithms are quadratic discriminant 
analysis (QDA), decision tree (DT), random forest (RF), 
support vector machine (SVM), and k-nearest neighbors (k-
NN). These algorithms are widely used in various fields 
because they are easy to implement and have fast processing 
times [16]. The properties of algorithms for multitissue 
classification are as follows:  
(1) The QDA algorithm extracts several nonlinear functions to 
classify the corresponding classes, and uses second-order 
discriminant functions by assuming that a variance-covariance 
matrix for each group is different from the input feature vectors 
[25].  
(2) The DT algorithm schematizes the decision rules as tree-
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structured to make classifications and predictions. In this 
research, six nodes corresponding to the target variable 
represent each tissue class and entropy index used for impurity. 
These are criteria to separate each node.  
(3) The RF algorithm is an ensemble type of method that 
randomly learns multiple numbers of decision trees. The 
number of decision-making trees was set as 30 in order to solve 
the overfitting problem, and the derived results are classified by 
voting [26].  
(4) The SVM algorithm maximizes the margin between groups 
and projects to a high-dimensional level in order to classify in a 
linear fashion. A 1st-degree polynomial kernel function was 
used as a maximum-margin hyperplane for the six-tissue 
classification [27].   
(5) The k-NN algorithm classifies the neighboring group based 
on the labeled data. In this research, the six-tissue measured 
data and Euclidean distance were used. In addition, the k-value, 
which is the number of neighboring groups, is selected from 1 
to 9 with an increment of two factors. 

4. Simulation Methods for Evaluation of Classifier Algorithms 

Figure 2(a) shows the process of evaluating algorithms used 
for multitissue classification with respect to noise, such as a 
change in bioimpedance. From the collected 600 datasets, 540 
datasets were used for training in each trial using tenfold cross 
validation (10F-CV). The remaining 60 datasets were used for 
test and evaluation. A comparative analysis was carried out 
using the average and standard deviation (SD) of the 
classification rates. 

Tissue denaturation caused by produced heat and external 
environmental variables during surgical procedures that use an 
ultrasonic surgical device develop changes in bioimpedance 
values. These changes may act as noise in terms of the 
multitissue classifier algorithm. To compare and analyze 
algorithms, a noise mixture simulation was performed. As 
shown in Fig. 2(b), the 60 test sets were subdivided into nine 
classes by breaking down the SNR of AWGN from 100 dB 
(original) to 20 dB (noisiest). Thus, a total of 5,400 samples 
were used in the evaluation.  

Figure 2(c) shows the range of absolute size changes 
according to noise mixture for the original test set. The black 
solid line represents the average value of the bioimpedance 
spectrum for each frequency measured from tissues (such as 
muscle), and the shaded area represents the maximum and 
minimum values with regard to the mixture noise. The 
calculation formula of the SNR for the test sets is 

rms
10

 rms
(dB) 20log .SignalSNR Noise         (2) 

AWGN, which is used to create an artificial noise environment, 

 

Fig. 2. (a) Block diagram of simulation method for bioimpedance 
changes of multitissue and performance evaluation of 
classifier algorithm, which is robust to noise, (b) 
subdivided stage of test sets according to SNR of AWGN, 
and (c) changes in electrical bioimpedance spectrum 
according to noise mixture. 

QDA DT RF SVM k-NN

Classifier training 

Test dataset: 60 
Diverse test dataset: 540 

10-fold cross validation

Training
dataset: 540

Feature
extraction

Diverse test dataset (S/N ratio)

100 dB 
(original)

90 dB 80 dB 

Feature 
extraction Classifier 

Classification
rates 

(a) 

(b) (c) 

70 dB 60 dB 50 dB 

40 dB 30 dB 20 dB 
(noisiest)

Changes in amplitude (S/N ratio) 

To
ta

l o
f 

60
0 

da
ta

se
t 

1,500

1,250

1,000

750

500

Im
pe

da
nc

e 
m

ag
ni

tu
de

 (


)

400

200

0

–200

–400

–600

Ph
as

e 
(

) 

10 20 30 40 50 60 70 80 90 100

[Ex. muscle]

Frequency (kHz) 

 
 
can model random noise in natural conditions without a 
particular element, and is evenly distributed across all 
frequency ranges [19]. Thermal or short noise from a transistor, 
created by a resistor, is one of the noises in an electrical circuit. 
The MATLAB® 7.14.0 software (The MathWorks, Inc., 
Natick, MA, USA) was used to generate and mix noise to 
evaluate the proposed classifier algorithms. 

5. Statistical Analysis 

The measured values (impedance magnitude and phase) 
from the developed device were compared with theoretical 
values using the correlation coefficient of two variables. A one-
way analysis of variance (one-way ANOVA) was performed to 
compare differences between classification rates of the six 
algorithms and the bioimpedance spectrum for the six tissues. 
In addition, Tukey’s post hoc analysis was performed to 
validate the order of priority of the classification performance 
according to the noise mixture ratio. To compare and analyze 
the performances of all test and validation datasets used in the 
simulation, two independent sample t-tests were performed for 
each algorithm, and the statistical significance was set as p < 
0.01. All statistical tests were conducted using SPSS 15.0 
(SPSS Inc., Chicago, IL, USA). 

III. Results and Discussion 

1. Performance Evaluation of Developed Device 

The results of the performance evaluation of the developed 
device for measuring the bioimpedance spectrum are as  
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Fig. 3. Validation results of developed bioimpedance
measurement device. Comparison of theoretical and
experimental values for (a) impedance magnitude and
(b) phase according to each measurement frequency.
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follows. Figures 3(a) and 3(b) show the comparison results   
of the theoretical values and experimental values of the 
impedance magnitude (Ω) and phase (). The coefficient of 
correlation (r value) was 0.999 and 0.986 which represents 
high correlation. 

Table 1 lists the average, minimum, and maximum range  
of calculated relative errors for the measured impedance 
magnitude and phase for each range of frequency. The 
impedance magnitude ranges from 1.7 kΩ to 11 kΩ, and the 
relative error had a minimum of 0.67% and a maximum of 
5.04%. The calculated relative error with a maximum of 5.14% 
showed a difference of 81.33 Ω. In addition, the phase was 
measured from –73° to –41°, and the relative error had a 
minimum of 3.87% and a maximum of 14.83%. The 
calculated relative error with a maximum of 14.83% showed a 
12.45° difference in phase. The relative error increased when 
two properties of the measured frequency (magnitude and 
phase) were increased.  

There was an error between the theoretical and experimental 
values in the performance results of the bioimpedance 
measurement device. This error was caused by specific 
characteristics of the elements used in this research, and by the 
system composition. However, there was an identical error 
when measuring the bioimpedance spectrum of the six tissue 

Table 1. Results of relative error for measured impedance magnitude 
and phase for each measurement frequency. 

Average (min–max, %) Frequency

(kHz) Impedance magnitude (Ω) Phase (°) 

10 0.80 (0.67–0.83) 4.07 (3.87–4.22) 

20 1.81 (1.79–1.87) 7.09 (7.03–7.11) 

30 2.50 (2.45–2.57) 6.70 (6.68–6.74) 

40 3.33 (3.21–3.51) 7.03 (6.98–7.09) 

50 3.76 (3.69–3.85) 8.47 (8.45–8.49) 

60 3.96 (3.92–4.03) 9.94 (9.93–9.95) 

70 4.05 (3.98–4.15) 10.32 (10.30–10.35) 

80 4.56 (4.48–4.70) 11.79 (11.77–11.81) 

90 4.55 (4.46–4.67) 13.38 (13.35–13.39) 

100 5.04 (4.98–5.14) 14.81 (14.79–14.83) 

 

types. Therefore, the error will not affect the evaluation of the 
robustness of classification performance caused by noise 
production. 

2. Measured Bioimpedance Spectrum by Biological Tissues 

Figure 4 shows the measured bioimpedance spectrum (10 
impedance magnitudes and phases for each frequency) from  
10 kHz to 100 kHz when the frequency range was changed in 
increments of 10 kHz. When the bioimpedance spectrum for 
each type of tissue was compared, the impedance magnitude for 
fat tissue was higher than the five other tissues for all measured 
frequencies (p < 0.01), and the difference between fat and 
muscle was the highest. However, there was no difference 
between the liver and kidney tissues across all measured 
frequencies (p < 0.01), and there was no significant difference 
between the large intestine and lung in the range of 60 kHz to 
100 kHz (p > 0.01). Therefore, it is impossible to classify these 
tissues statistically by using only the impedance magnitude.  

For the impedance phase, there were significant analytical 
results for the six tissue types up to 30 kHz as compared with 
the impedance magnitude (p < 0.01). However, there were no 
significant differences according to measured frequency except 
for the large intestine from 40 kHz (p > 0.01). Therefore, the 
impedance magnitude and phase can be changed based on their 
measured values according to the ratio of the noise mixture, 
and this can affect the classification performance. 

3. Performance Evaluation of Classifier Algorithms 

To evaluate the multitissue classification performance of the 
five classifier algorithms (QDA, DT, RF, SVM, and k-NN), 
10F-CV was used, and a total of 5,400 samples were used as 
the test set. Figure 5(a) shows the classification results of each 
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Fig. 4. Results of bioimpedance spectrum measured from six 
classes of tissue used in this experiment. Bioimpedance 
spectrum is impedance magnitude and phase (mean ± 
SD) calculated from range between 10 kHz–100 kHz of 
measured frequency at intervals of 10 kHz. 
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algorithm for the total test set. The k-NN algorithm showed a 
relatively high classification rate of 92.09 ± 1.92% (p < 0.01). 
The classification rates of the rest of the algorithms are as 
follows: SVM (82.02 ± 3.61%) > RF (69.33 ± 1.21%) > DT 
(68.80 ± 0.86%) > QDA (29.74 ± 0.86%). k-NN is a method 
that uses similarity (Euclidean distance) for clustering, which 
seems to be less effective for SNR when classifying multiple 
tissues.  

Figure 5(b) shows the receiver operating characteristic 
(ROC) curves for the six different tissues, classified by the k-
NN algorithm, which showed the highest classification rate. A 
confusion matrix for the entire set of test data was used to 
generate a curve for each tissue. Each curve was plotted by 
sensitivity values (true-positive rate) and 1-specificity values 
(false-positive rate) for each tissue. The area under the curve 
(AUC) showed that fat (0.991) was the most classified. The 
rest of the tissue classification rates are as follows: muscle 
(0.974) > liver (0.955) > kidney (0.948) > intestine (0.936) > 
lung (0.911). Table 2 lists the maximum/minimum AUC values 
of the five classifiers for the six tissue types. The AUC values 
are calculated in the same order as the classification results 
shown in Figure 5(a), and the QDA algorithm showed a 
classification rate with a maximum of 0.622 and a minimum of 
0.540. 

Table 3 lists the results of the comparative analysis according 

Fig. 5. Total performance evaluation of test sets used for noise 
simulation: (a) results of classification rates for five 
algorithms (** signifies significant differences between k-
NN algorithm and other algorithms at the 0.01 level), and 
(b) results of ROC curves and AUC values for six tissues 
using k-NN algorithm. 
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Table 2. Comparison of maximum/minimum AUC values of six 

tissues for each algorithm. 

AUC value 
Classifier algorithm 

Min. Max. 

k-NN 0.911 0.991 

SVM 0.797 0.988 

RF 0.765 0.910 

DT 0.763 0.898 

QDA 0.540 0.622 

 

to SNR, subdivided into nine types of test sets. The 
classification rate regarding the test set (100 dB) with no noise 
mixture was on the order of SVM > k-NN > DT > RF > QDA 
(p < 0.01). The QDA algorithm showed a significant difference 
in having a low classification rate compared with the other 
classifiers. The performance of the QDA algorithm showed   
a similar noise mixture model of 80 dB; however, the 
classification rate dramatically decreased by 33.67 % from the 
90 dB noise mixture model. In addition, the QDA algorithm 
showed a low classification rate of 88.17 ± 3.45 %–16.50 ± 
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Table 3. Results for classification rates (mean ± SD%) from 10 repeated rounds of 10F-CV for single classifiers and SNR (100 dB–20 dB) of 
AWGN with ANOVA followed by post hoc test. 

SNR (dB) QDA (1) DT (2) RF (3) SVM (4) k-NN (5) ANOVA 
Post-hoc test 

(p < 0.01) 

100 

(original) 
88.17 ± 3.45 98.17 ± 1.38 98.67 ± 0.67 95.50 ± 4.15 96.33 ± 1.80 

F = 23.15 
p = 0.00 

(4), (5), (2), (3) > (1) 

90 54.50 ± 2.89 98.00 ± 1.25 98.67 ± 1.00 95.33 ± 4.27 96.33 ± 1.80 
F = 506.78 

p = 0.00 
(4), (5), (2), (3) > (1) 

80 24.83 ± 4.74 96.50 ± 2.03 97.50 ± 2.01 95.50 ± 4.22 96.33 ± 1.80 
F = 894.18 

p = 0.00 
(4), (5), (2), (3) > (1) 

70 17.00 ± 0.67 93.83 ± 3.66 94.50 ± 2.79 91.17 ± 5.11 96.33 ± 1.80 
F = 1048.94 

p = 0.00 
(4), (2), (3), (5) > (1) 

60 18.33 ± 0.00 80.50 ± 4.83 81.67 ± 4.28 90.00 ± 5.87 97.70 ± 1.35 
F = 579.71 

p = 0.00 
(5) > (4) > (3), (2) > (1)

50 16.67 ± 0.00 51.67 ± 2.98 52.50 ± 3.44 85.00 ± 5.48 96.50 ± 1.89 
F = 820.55 

p = 0.00 
(5) > (4) > (3), (2) > (1)

40 16.50 ± 0.50 39.00 ± 4.84 39.33 ± 3.96 78.00 ± 5.67 94.50 ± 3.95 
F = 524.87 

p = 0.00 
(5) > (4) > (3), (2) > (1)

30 16.83 ± 1.17 32.83 ± 4.54 33.17 ± 6.08 60.67 ± 5.28 87.50 ± 4.03 
F = 341.42 

p = 0.00 
(5) > (4) > (3), (2) > (1)

20 

(noisiest) 
16.50 ± 0.50 30.33 ± 5.76 29.67 ± 4.07 48.50 ± 3.98 68.67 ± 5.42 

F = 193.63 
p = 0.00 

(5) > (4) > (2), (3) > (1)

 

Table 4. Results of classification rates (mean ± SD%) from 10 repeated rounds of 10F-CV according to changes in k-values for k-NN algorithm 
with ANOVA followed by post hoc test. 

SNR (dB)  k = 1 (1)  k = 3 (2) k = 5 (3) k = 7 (4) k = 9 (5) ANOVA 
Post-hoc test 

(p < 0.01) 

100  

(original) 

90 

80 

96.33 ± 2.08 95.67 ± 2.91 93.67 ± 3.23 93.67 ± 3.86 92.00 ± 4.46 
F = 2.35 
p = 0.07 

70 96.33 ± 2.08 95.67 ± 2.91 93.83 ± 3.42 93.67 ± 3.86 92.00 ± 4.49 
F = 2.26 
p = 0.08 

60 98.00 ± 2.08  97.33 ± 2.91 95.33 ± 3.23 95.50 ± 4.02 93.67 ± 4.46 
F = 2.26 
p = 0.08 

50 96.67 ± 2.24 95.83 ± 2.81 64.33 ± 3.59 93.50 ± 3.69 92.33 ± 4.55 
F = 2.28 
p = 0.08 

40 93.83 ± 2.89 94.17 ± 3.10 93.17 ± 3.29 92.67 ± 3.74 91.67 ± 4.22 
F = 0.73 
p = 0.58 

30 87.50 ± 6.07 87.17 ± 5.00 86.83 ± 6.26 86.00 ± 5.23 85.33 ± 6.36 
F = 0.21 
p = 0.93 

20  

(noisiest) 
67.83 ± 3.88 70.17 ± 4.18 71.33 ± 5.26 72.50 ± 5.01 72.33 ± 5.54 

F = 1.43 
p = 0.24 

N/A 
(No significant 

difference between each 
group) 

 

0.50 % for all SNRs. From 60 dB, the classification rate of  
the rest of the classifier algorithms, except k-NN, decreased, 
relatively speaking. The classification rate of the DT and RF 
algorithms decreased by 13.33 % and 12.93 %, respectively. 
The classification performance of the k-NN algorithm was the 
highest, from 60 dB–20 dB. The classification performance of 
other algorithms are listed in order of SVM > RF > DT > QDA 
(p < 0.01).  

For the results of the comparative analysis of the five 
classifiers to classify multiple tissues, the difference in 
performance of the classifier algorithms varied according to the 
noise mixture. The k-NN algorithm showed a classification rate 
of 96.33 ± 1.80%–68.67 ± 5.42% for all test sets, and secured 
reproducibility by a low standard deviation. Therefore, the 
classification performance of the k-NN algorithm is robust 
when the SNR is increased while classifying multiple tissues. 
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This result arises from the characteristics of a distinct boundary 
of the bioimpedance value between each tissue, since the k-NN 
algorithm is a method that searches for the nearest neighbor.  

Table 4 lists the results of the comparative analysis according 
to changes in k-values of the k-NN algorithm, which showed 
the highest classification performance. A k-value refers to the 
number of neighbor groups (the type of tissue), and the 
classification was carried out by voting from the selected k-
values. As a result, the classification rate was 96.33 ± 2.08%–
67.83 ± 3.88%, which was the highest value regardless of   
the SNR when k = 1. However, there were no significant 
differences between each k-value (p > 0.01). The average 
classification rate from 20 dB, unlike other SNRs, was higher. 
The probability of classification errors increased since the 
distance between the target sample and the neighbor groups 
was narrow when the noise mixture level was highest. 
However, the standard deviation was shown to be high, and 
there was no significant difference between k-values (p > 0.01). 

IV. Conclusion 

Previous evaluation methods for classifier algorithms used 
test sets other than data sets, which were used for training. 
However, a sufficient preliminary experiment and verification 
must be performed to apply various fields. In particular, in 
order to apply the information to the medical field, the 
algorithm must be robust according to specific purposes.  

The purpose of this research is to conduct a preliminary 
study to develop a multitissue classifier algorithm that 
automatically controls the output power levels of ultrasonic 
devices, and to evaluate classifier algorithms that are robust to 
noise (such as changes in bioimpedance). When performing 
incisions and the coagulation of tissue using ultrasonic surgical 
devices in real-life situations, heat is produced, which causes 
changes in the physical characteristics of the tissue and the 
bioimpedance.  

From six tissue types selected for this experiment, four (liver, 
intestine, kidney, and lung) were chosen because of their high 
cancer occurrence. The remaining two tissues (fat and muscle) 
were selected because they are significant in the human body. 
The electrical impedance spectrum was measured for each 
tissue. The classifier algorithms used to classify the tissue types 
were QDA, DT, RF, SVM, and k-NN. In addition, the SNR of 
AWGN was subdivided into nine classes (100 dB–20 dB) for a 
comparative analysis of classifier performance.  

Among the five classifier algorithms, k-NN had an average, 
maximum, and minimum classification rate of 92.09%, 100%, 
and 61.67%, respectively, for all test sets, and showed a low 
fluctuation range against the SNR. These results suggest that 
the k-NN classifier is the most robust algorithm. In addition,  

the standard deviation was 1.92%, which means the 
reproducibility was high. The classification rates for the rest of 
the algorithms (QDA, DT, RF, and SVM) were 29.74 ± 0.86%, 
68.80 ± 0.86%, 69.33 ± 1.21%, and 82.02 ± 3.61%, 
respectively.  

However, there were limitations when extracting these 
results, as follows: (1) The extracted tissues from slaughtered 
pigs were used under normal conditions, which means the 
diversification and subdivision of extracted tissue (age, sex, and 
disease) were not considered. In future studies, these variables 
must be considered to generalize the experimental conditions. 
(2) Since the tissues used in this experiment were extracted 
from pigs, the validation and improvement of classifier 
algorithms need to be carried out through in vivo experiments 
using human tissue. (3) Suitability and safeness must be 
achieved for the developed bioimpedance measurement device 
in order to apply it to real surgical environments, and to see if 
this device is harmless to humans. In particular, patient 
isolation measures are required to block transient current to 
patients through the developed device. 

In spite of the limitations of this research as mentioned above, 
it is possible to develop robust multitissue classification 
algorithms through virtual noise simulations that consider real-
life situations. These research results can be applied to studies 
on automatic output-power-level control systems of ultrasonic 
surgical devices. This will increase the performance of surgical 
devices, minimize tissue damage, and reduce surgical 
procedure time. In addition, it was estimated that the 
multitissue classification results can be applied to various fields. 
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