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ARTICLE INFO ABSTRACT
Keywords: A highly accurate classification of diabetes mellitus (DM) with the synthetic impacts of several
Optoacoustic technology variables is first studied via optoacoustic technology in this work. For this purpose, an opto-

Wavelet neural network
Qualitative classification
Diabetes mellitus

acoustic measurement apparatus of blood glucose is built, and the optoacoustic signals and
peak-peak values for 625 cases of in vitro rabbit blood are obtained. The results show that
although the single impact of five variables are obtained, the precise classification of DM is
limited because of the synthetic impacts. Based on clinical standards, different levels of blood
glucose corresponding to hypoglycaemia, normal, slight diabetes, moderate diabetes and severe
diabetes are employed. Then, a wavelet neural network (WNN) is utilized to establish a classi-
fication model of DM severity. The classification accuracy is 94.4 % for the testing blood samples.
To enhance the classification accuracy, particle swarm optimization (PSO) and quantum-behaved
particle swarm optimization (QPSO) are successively utilized to optimize WNN, and accuracy is
enhanced to 98.4 % and 100 %, respectively. It is demonstrated from comparison between several
algorithms that optoacoustic technology united with the QPSO-optimized WNN algorithm can
achieve precise classification of DM with synthetic impacts.

1. Introduction

As a chronic and global disease, diabetes mellitus (DM) has seriously been affecting human life and health. At present, DM cannot
be completely cured, and it can only be controlled by hypoglycaemic drugs. The precise measurement of blood glucose values (BGVs)
or the assessment of severity are important steps during the control of DM. In clinics, the traditional monitoring of DM involves
collecting blood by puncturing the skin tissue, and then it is analyzed by a biochemical analyzer. As the destructive way has the risk of
secondary infection, nondestructive methods will be the future trend. To date, there have been some reports on nondestructive blood
glucose detection, for example, electrochemical [1], metabolic thermal integration [2], impedance [3] and reverse ion [4]. As some
non-optical methods have a certain irritant effect on human skin, optical approaches have already become a research hotspot in
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nondestructive blood glucose measurement.

There are some optical technologies are used to measure blood glucose [5-13]. For these purely optics, the spectra will be affected
by the scattering light in human skin, similar to a chaotic medium. Among the nondestructive technologies, optoacoustic (or pho-
toacoustic) spectroscopy [14-16] is a rapidly developing and promising detection technology. Compared with optical methods,
optoacoustic technology has higher precision because the captured signals are ultrasonic waves rather than photons. Moreover, the
decay of ultrasonic waves is weaker than that of photons in human skin. Optoacoustic technology not only retains the advantages of
high sensitivity and contrast of optical methods but also solves the attenuation problem of signal propagation in human tissues.

To date, some scholars have already conducted studies on the optoacoustic monitoring of blood glucose [17-19]. Namita et al. [20]
monitored glucose solutions and horse blood via NIR laser-induced ultrasound. Gao et al. [21] used the fusion method of optoacoustic
peak-peak value and peak decay time to perform optoacoustic experiments of glucose solutions. Shen and Lu [22] utilized opto-
acoustic technology to perform blood glucose detection research. Zhang [23] developed a portable optoacoustic detection device
suitable for nursing and achieved in vitro optoacoustic detection of trace 20 pL blood at a wavelength of 520 nm. Srivastava [24] used
the modulated optoacoustic technique to detect human blood plasma mixed intralipid phantoms in vitro. Tsai et al. [25] studied
biochemical blood parameters by using optoacoustic absorption spectroscopy. Long et al. [26] built a simulation optoacoustic model
considered human skin, blood and detector limitation, and employed Teager-Kaiser main energy method to eliminate the interference
of noise and medium. Ahn et al. [27] performed the optoacoustic in vivo monitoring for the growth of animals blood vessels based on
the change of blood glucose. Yang [28] developed a optoacoustic multi-spectral measurement system to detect the aqueous glucose,
and the machine learning was utilized to predict the glucose concentration. Yang [29] performed optoacoustic measurement glucose
solution at 1535 nm and explore the impact of BGV on optoacoustic signal. In addition, the optoacoustic detection of blood glucose in
the mid-infrared wavebands was also reported [30,31].

However, the measurement of DM will be inevitably impacted by some elements in practice. There have been few studies on the
impacting of blood glucose on optoacoustic measurements in recent years. Tao et al. [32] investigated the sensitivity of optoacoustic
signals to temperature in glucose solutions. It was found that the temperature increased linearly with laser energy. Tanaka [33] also
explored the relationship between optoacoustic value and temperature, as well as light intensities. Zhao [34] verified that the in-
fluences of optoacoustic glucose measurement include physiological and temperatures, as well as skin heterogeneity. Zhao and Tao
[35] explored the influences of temperature and the compressibility of glucose solution on the optoacoustic measurement of BGVs. Ren
et al. [36,37] studied the impacts of other blood components on the optoacoustic monitoring of BGVs. Christina et al. [38] investigated
the elements of impacting the blood glucose measurement including ambient conditions, hardware system and operation errors.

Although the variables impacting the optoacoustic measurement of blood glucose have already been explored by a few researchers,
there are still many impacting variables that need to be further explored and expanded. Moreover, to date, the synthetic impacts of
several variables on the optoacoustic measurement of DM have not been systematically explored worldwide. Additionally, the research
on optoacoustic measurement of blood glucose has mainly focused on the in vitro or in vivo quantitative measurement of BGV in recent
years [39-43]. For the treatment and control of DM, precise qualitative classification and assessment of the severity is very important
and necessary under the synthetic impacts of several variables. However, the optoacoustic qualitative classification of DM with the
synthetic impacts of several variables has not been studied worldwide. In this work, the qualitative classification of DM with the
synthetic impacts of several variables was first investigated using optoacoustic technology united with the optimized wavelet neural
network (WNN) method. As a kind of artificial neural network (ANN), WNN [44] is not only an ANN algorithm on the basis of wavelet
theory but also a fusion of wavelet transform and ANN [45].

There are three purposes in this work. The first is to build an optoacoustic monitoring equipment to realize the optoacoustic
classification of DM with the synthetic impacts of several variables (temperature, energy absorption, BGV, detection distance and flow
rate). The second is to accomplish a precise qualitative classification of DM with synthetic impacts by using the WNN algorithm ac-
cording to clinical medical standards. The third is to enhance the qualitative classification accuracy of DM using the PSO [46,47] and
QPSO [48] optimized WNN algorithms.

2. Theories
2.1. Optoacoustic theory

The theories of optoacoustic technology are the effect of photoinduced ultrasonication and the thermoelastic mechanism [49].
Although the optoacoustic mechanism is represented via the wave equation [50], a semiempirical formula [51] given in Eq.(1) can be
generally employed to describe the optoacoustic signal, i.e.,
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where y, denotes the absorbance coefficient of the detected substance. E denotes the laser’s irradiation energy. g denotes the thermal
expansion index. C, denotes the specific heat volume. r denotes the detection distance. R denotes the optoacoustic effective radius. k is
the scaling coefficient.
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2.2. Classification modeling

WNN [52,53] was selected to conduct qualitative classification of BGV with the synthetic impacts of several variables in here. In the
WNN, five impacting variables, i.e., temperature, energy absorption, flow rate, detection distance and peak—peak value, were utilized
as the input data, which were weighted and summed. Then, the wavelet transform was adopted to carry out the translation and scaling
operations.

Fig. 1 is the structural diagram of WNN.

InFig. 1, X = [x§, x8, ..., x3] are p input data, where the superscript g is the index of G groups of input data (g = 1,2, ..., G). In hidden
layer, a Morlet wavelet function [54] given in Eq.(2) was constructed as the excitation function:

i

f(x) = e * cos(1.75x) 2)

ot

The output value (O‘,i) of hidden layer is expressed as Eq.(3)

P
Z CUkPX§ —-b
o= T ®

a

where wy, denotes the weight values connecting input with hidden layers. a denotes the scaling variable of the excitation function, and
b denotes the translation variable of the excitation function in Eq.(2).
The output value yf of WNN can be given in Eq.(4):

K
i —h(Zw.Wi) @
k=1

where wj denotes the weight values connecting hidden with output layers. H (e) denotes Sigmoid function.
Assuming the anticipated output is df, the training target error function is expressed in Eq.(5):
1 L. J
B =5e > > (4 =) ®)

g=1 j=1

Additionally, two groups of weight values (wy; and wj), and scaling variable (a) and translation variable (b) of wavelet excitation
function should be adjusted by using error back propagation, which are given in Egs.(6):

X1 y

X2 y2
X3 Y3

Y4

i

Input layer BN\ 2 Output layer

Hidden layer

Fig. 1. WNN algorithm.
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(6)

where Wi, wig’s a® and b are the adjusted weight values, the scaling and the translation variables of wavelet excitation function,

old old

respectively. w3, o, @’ and b°" are the original weight values, the scaling variable and translation variable, respectively. 5 and 1

denote the learning rates.

2.3. Optimization method

Because PSO has the tendency to drop into the local optimum and generate the oscillation phenomenon [55], a QPSO algorithm
[56,57] was utilized to optimize the WNN in this study. Fig. 2 presents the QPSO-WNN method.
In QPSO, the positions of particles should be updated according to Egs.(7):
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Fig. 2. QPSO-WNN method.
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In Eq. (7), Gpesr denotes individual extreme. Zy,,, denotes group extreme. ¢ is the local attraction factor. @ (0<a < 1) is the coefficient
of shrinkage-expansion employed to control convergent speed. y and u are random numbers, y,u € (0, 1). For the symbol "+", the
probability of positive or negative is 50 %, which enhances the randomness of particle. Py, is the average optimum of particles, which
can be expressed in Eq.(8):

1 K
Pess = E FZ] Gbesf,/' (8)

In Eq. (8), K is the total number of particles. The individual and group extremes should be updated based on the following formula:
For individual extremes,

(n) when f(pp(n))> f(Gpest(n — 1))
)= 6, L e Ko < Fov 1) ”

For group extremes,

_{ pp(n) when f(pp(n)) > f(Zueu(n— 1))
Zosw(m) = { Zus(n— 1) whenf(pp(m)< [(Zaus(n — 1) (10)

According to Egs. (9) and (10), QPSO is superior to PSO in terms of a simpler evolutionary equation, fewer adjusting parameters,
and faster convergence [58].

3. Experimental methods
3.1. Equipment

To obtain the optoacoustic signals and peak-peak values of blood with various BGVs, an experimental equipment of blood glucose
optoacoustic measurement was built (Fig. 3(a)).

As shown in Fig. 3(a), after a pulsed laser beam was excited from a wavelength-tunable pulse laser (OPOlette™ 532II, OPOTEK),
the laser beam passes through three reflectors, a diaphragm and a focus lens, then the focal spot drops in the whole blood sample which
flows in the inner cavity of the silicone microtubule. Due to the effect of photoinduced ultrasonication, the whole blood irradiated by
the focal spot will generate optoacoustic signals, and the optoacoustic signals were received by a focus-typed ultrasonic sensor
(2.5C14SJ50XJ) with 2.5 MHz placed directly under a section of silicone microtubule. After the ultrasonic sensor transformed the
optoacoustic intensity information into analogue voltage signals, an analog amplifier (ATA-5620, Aigtek, Xi’an, China) was utilized to
amplify the signals, and an analog filter (type: BLP-7-50-+) was utilized for denoising. Then, a dual-trance digital oscilloscope (54642D,
Agilent) was utilized to acquire the preprocessed signals and convert them to digital signals. To achieve signal acquisition, the pulse
trigger signal of the pulse laser was connected with one input channel of the digital oscilloscope to be utilized as synchronous trigger. A
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Fig. 3. The blood glucose optoacoustic measurement experimental equipment (a), and a rabbit whole blood sample (b).
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data transmission card in GPIB-USB mode was employed to transfer the blood glucose optoacoustic data. The custom signal acquisition
and controlling program was performed by LabVIEW software.

In addition, to imitate blood flow in human body and change blood samples, a custom-built cycling apparatus was built. It
comprised a mini water pump, silicone microtubules, a beaker and a temperature controller. To explore the impact of the blood flow
rate, flow rates of blood samples can be changed by the different rotational speeds of water pump. In general, the flow rates can be
computed from the unit volume of blood and the inner cavity cross-section of silicone microtubule. The section of silicone microtubule
illuminated by a focal spot and the focus-typed ultrasonic sensor attached by a plastic cylinder were all placed in a water tank. In the
experimental equipment, pure water was filled between the silicone microtubule and the front port of the ultrasonic sensor and used as
the coupling gel to obtain a stable optoacoustic signal. To explore the impact of the detection distance, the ultrasonic sensor was
connected with the 3D electric platform via a fixed bracket, and then the detection distance could be changed via the 3D electric
platform. At the same time, the focal spot can be accurately dropped into the blood sample in the silicone microtubule by adjusting the
3D electric platform. To explore the impact of temperature, a temperature controller with a magnetic stirring function (SN-MS-H280D,
SUNNE Co., China) was adopted in this work. The temperature controller has the function of heating and constant temperature, which
can heat and control the temperature of blood samples. Moreover, to ensure the uniform heating of the blood sample and to avoid
coagulation, a magnetic rotor was placed into the beaker to automatically stir the blood sample. At the same time, a temperature sensor
was utilized to get the temperature of blood sample. For the influence of energy absorption, the excitation energy of laser can be
adjusted via the laser control software. In experiments, to obtain the actual BGVs of blood samples, a blood glucose metre (GA-3,
Sinocare Co., China) and test strips were utilized. Before the experiments, the OPO pulse laser and other electronic devices were
preheated for approximately 30 min, and the ambient temperature was controlled at 20 + 0.5 °C.

3.2. Material and configurations

A total of 625 rabbit whole blood samples were utilized as the experimental samples in the experiments. Rabbit whole blood was
purchased from Zhengzhou Yikang Bioengineering Co., Ltd. To avoid blood clotting, 1.6 mg/ml ethylenediaminetetraacetic acid
(EDTA) anticoagulant was added to rabbit whole blood. Fig. 3(b) gives experimental blood.

To investigate the synthetic impact of several variables (temperature, BGV, energy absorption, flow rate and detection distance) on
the optoacoustic measurement of DM, the reasonable values are configured for each influence variable, which are given in Table 1. For
BGV, five values of BGV correspond to five different degrees of DM in clinics, i.e., hypoglycaemia, normal, slight diabetes, moderate
diabetes and severe diabetes, respectively.

3.3. Results and analysis

According to the constructed optoacoustic experimental equipment of blood glucose, the optoacoustic signals of 625 cases of blood
samples with the combinations of impacting variables were acquired. Due to space limitations, only part of the optoacoustic signals for
different BGVs are presented in Fig. 4(a)-(d).

As shown in Fig. 4, the profiles of the optoacoustic signal of blood glucose under different impacting combinations are roughly the
same, but the amplitudes are different. In Fig. 4(a), when the energy absorption, temperature, flow rate and detection distance are
fixed, with increasing BGV, the amplitude of the optoacoustic signal increases. In Fig. 4(b), when the values of other impacting
variables are fixed, with increasing temperature, the optoacoustic amplitude increases. In Fig. 4(c), although the time of the first peak
for the optoacoustic signals increases with the detection distance, the amplitude of the optoacoustic signals increases with the energy
absorption. Fig. 4(d) presents with the increase of flow rate, the amplitude of optoacoustic signals decreases. Therefore, under the
synthetic impact of several variables, the change in optoacoustic intensity of blood glucose is complicated. The factors that induce an
increase in the optoacoustic intensity of blood glucose include not only the BGV but also the temperature and energy absorption.
Conversely, the detection distance and flow rate are the factors that induce a decrease in the optoacoustic intensity of blood glucose.
Moreover, in Fig. 4, the aliasing phenomenon of the optoacoustic signal under different BGVs is strong, which makes classifying blood
samples with different BGVs difficult. To avoid the complicacy of the classification model due to the large characteristic dimension of
blood samples, optoacoustic peak—peak values with different combinations of several variables were acquired and shown in Fig. 5.

In Fig. 5(a) and (b), although optoacoustic peak-peak values increase with BGV, energy absorption and temperature are also
important positive variables. According to Fig. 5(c) and (d), the BGV isn’t easy to be classified because the peak-peak value differences
under the different flow rates and detection distances are little. Moreover, in Fig. 5(a)-(d), with the synthetic impacts of several
variables, the optoacoustic peak—peak values are aliased, which is not favourable for qualitatively classifying the BGV. To make an

Table 1
Configurations of five influence variables.
Temperature/°C BGV/mmol/L Energy absorption/mJ Flow rate/m/s Detection distance/mm
36 2 0.15 0.057 12
37 5 0.26 0.099 13
38 8 0.37 0.145 14
39 11 0.49 0.184 15
40 14 0.62 0.219 16
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Fig. 4. Optoacoustic signals of blood samples at different impacting combinations. (a) different BGVs; (b) different temperatures; (c) different
energy absorption and detection distances; and (d) different flow rates.

accurate qualitative classification of BGVs, an artificial intelligence (AI) method was utilized to classify the DM with the synthetic
impacts of several variables in this study.

4. Qualitative classification
4.1. Classification results

Firstly, WNN algorithm was utilized to classify BGV of DM with the synthetic impacts of several variables based on optoacoustic
peak-peak values for rabbit whole blood samples.

For 625 cases of rabbit whole blood samples, training and testing samples were randomly allocated at 4:1 ratio. Then, energy
absorption, temperature, flow rate, detection distance and peak—peak values were set as input variable of WNN. All BGVs were labeled
as 1 to 5 according to five different degrees of DV, i.e., hypoglycaemia was labeled with Category 1, normal was labeled with Category
2, slight diabetes was labeled with Category 3, moderate diabetes was labeled with Category 4, and severe diabetes was labeled with
Category 5. Then, to enhance the qualitative classification accuracy of BGVs, the PSO was utilized to optimize weight values of WNN,
as well as scaling and translation variables of wavelet activation function. Additionally, parameters of WNN structure should be
optimized, i.e., the number of neurons in hidden layer (k) and two learning rates (1, 1).

To obtain the value of k, Eq. (11) [59] was employed:

k=+/p+j+9 amn

In Eq. (11), p and j denotes the neurons in input and output layers. In this work, p and j are both 5. 9 is a constant ranging from [0,
10]. Based on Eq. (11), k € [3,13].

For the optimal solution search of PSO, the particles’ speed s(m) and position p(m) are the crucial parameters that should be
renewed by means of Eq. (12):

{si(m +1) =w-5'(m) + ¢, - rady -(P' = p'(m)) + ¢2 - rad; -(G' — p'(m)) 12)

plm+1) =p'(m) +s'(m+1)

where si(m) and s'(m +1) the original and renewed velocities, respectively. o (w € [0, 1]) denotes the inertia weight. p{(m) and p'(m +1)
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Fig. 5. 3D distributions of optoacoustic peak-peak values of blood samples under the synthetic impacts of several variables under temperatures and
BGVs (a), under the BGVs and energy absorption (b), under the BGVs and flow rates (c), and under the BGVs and detection distances (d).

denote the original and renewed positions, respectively. c; and c; denote two accelerated variables, and rad; and rad, are the random
numbers, i.e., rad;,rad; € (0,1). P! and G’ denote the local and global optimal particle directions.
To determine the optimal values of k, 7 and 4, the influences of k,  and A on the classification accuracy of BGV were all researched,
as presented in Fig. 6(a)-(c).
In Fig. 6(a), with the synthetic impacts of several variables, for the WNN, when k = 13, the highest classification accuracy of BGV
can reach 65.6 %. However, for PSO-WNN, when k = 6, the highest classification accuracy of BGV can reach 92.8 %. Moreover, the
classification accuracies of BGV for PSO-WNN are higher under all neuron numbers. In addition, to find the optimal # in [0.001, 0.01]
for both algorithms, Fig. 6(b) presents the impact of ; on classification accuracy. In Fig. 6(b), for WNN, when 1 = 0.01, the classification
accuracy of BGV was the highest, improving from 65.6 % to 88.8 %. For PSO-WNN, when 1 = 0.008, the classification accuracy of BGV
was the highest, improving from 92.8 % to 96 %. Moreover, the classification accuracies of BGV for PSO-WNN are higher under all 5
values. Then, to get the optimal 4 from [0.01, 0.1] for both algorithms, Fig. 6(c) gives the influences of 1 on the classification accuracy.
In Fig. 6(c), for WNN, when 4 = 0.01, the classification accuracy of BGV was the highest, increasing from 88.8 % to 94.4 %. However,
for PSO-WNN, when 1 = 0.02, the classification accuracy of BGV was the highest, increasing from 96 % to 98.4 %. Moreover, the
classification accuracies of PSO-WNN were also higher under all 1 values. According to Fig. 6(a), (b) and (c), classification performance
of PSO-WNN exceeds WNN.

To study the effect of PSO-WNN on classification accuracy of BGV with the synthetic impacts of several variables, three parameters
in the PSO-WNN algorithm were optimized, i.e., inertia weight (w) and two accelerated variables (c; and c2) in Egs.(12). To get the
optimal three aforementioned parameters of PSO-WNN, the impacts of inertial weight (w) and accelerated variables (c; and c2) on
classification accuracy of BGV were obtained, as given in Fig. 7(a)-(e).

As can be seen from Egs.(12), the accelerated variables (c; and c3) jointly affect the motion speed of particles in PSO. For larger c;,
the local searching capacity becomes better but the global searching capacity becomes poor, so that particles are easy to drop in the
local optima, and the optimum’s searching rate is reduced. On the contrary, for the larger c,, the situation is just opposite to that of c;,
and affects the selection of optimal particle.

To better get the optimal c¢; and co, according to past experience [60], the accelerated variable c; was configured as 2, and w was
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Fig. 6. Influences of k (a), # (b) and 4 (c) on the classification accuracy of BGV.

selected as 0.6 to obtain the optimal c¢; from Refs. [1,2]. In Fig. 7(a), the optimal value of accelerated variable c; is 2 because the
highest classification accuracy reaches 98.4 %. Then, the influence of accelerated variable c, on the classification accuracy of the BGV
was studied under ¢; = 2 and w = 0.6. As shown in Fig. 7(b), when c3 = 1.9 and 2, the classification accuracy was highest. Then, to get
the optimal accelerated variable cj, the convergent rates under c; = 1.9 and 2 were compared and are presented in Fig. 7(c). The
convergent rate cy = 2 is obviously faster than c; = 1.9. Therefore, c; = 2 is the optimal accelerated variable c,. Finally, the influence of
w on classification accuracy of BGV was investigated under ¢; = 2 and ¢ = 2, as given in Fig. 7(d). In Fig. 7(d), when w = 0.5, 0.6, 0.9
and 1, the classification accuracy was highest. To further determine the optimal inertia weight w, the convergence speeds under w =
0.5, 0.6, 0.9 and 1 were compared and are presented in Fig. 7(e). In Fig. 7(e), w = 1 is optimal because the convergent rate of w = 1 is
fastest. Therefore, a set of optimal parameters of the PSO-WNN algorithm were determined to be ¢; = c3; =2 and w = 1.

Finally, the influence of iteration number on the classification accuracy of BGV, the influence of training number on mean-square-
error (MSE) of BGV were investigated, which are presented in Fig. 8(a) and (b). Fig. 8(c) gives the classification results of testing blood
under the optimal parameters.

As shown in Fig. 8(a), for the number of iteration is 1, classification accuracy of BGV based on PSO-WNN is 69.6 %, lower than
WNN. As the number of iteration increases, classification accuracy of BGV gradually increases. When the iteration number increases to
7, the classification accuracy of the BGV for PSO-WNN increases from 69.6 % to 98.4 %, which exceeds the classification accuracy of
the BGV based on the WNN. As the iteration number continuously increases, the classification accuracy reaches 98.4 %.

Fig. 8(b) presents the impact of the number of training on MSE of BGV. With increasing training number, the MSE curves of BGV for
the WNN and PSO-WNN all decrease continuously. Moreover, MSE of PSO-WNN are larger than WNN.

Under these determined optimal variables of WNN and PSO-WNN, the categories corresponding to 125 testing samples were
classified, and the testing results based on both algorithms are presented in Fig. 8(c). The classification accuracy of BGV based on WNN
is 94.4 % for 125 groups of testing blood. Seven samples were incorrectly classified, i.e., the misjudgment rate was 5.6 %, among which
one normal sample (Category 2) was misjudged as slight diabetes (Category 3), one sample with slight diabetes (Category 3) was
misjudged as moderate diabetes (Category 4), and four samples with moderate diabetes (Category 4) were misjudged as slight diabetes
(Category 3). One sample with moderate diabetes (Category 4) was misjudged as severe diabetes (Category 5). For the PSO-WNN, the
classification accuracy of 125 testing blood reached 98.4 %, and only two samples were incorrectly classified, i.e., the misjudgment
rate was 1.6 %, among which one normal sample (Category 2) was misjudged as moderate diabetes (Category 4) and one sample with
slight diabetes (Category 3) was misjudged as moderate diabetes (Category 4).

4.2. Classification results of BGV for QPSO-WNN

To further enhance classification accuracy of BGV with the synthetic impacts of several variables, QPSO was utilize to optimize
WNN, i.e., QPSO-WNN. As same as PSO-WNN, k,  and 4 of QPSO-WNN should also be adjusted. For QPSO-WNN algorithm, the in-
fluences of k, # and 4 on classification accuracy of BGVs with synthetic impact of several variables were presented in Fig. 9(a)-(e).

In Fig. 9(a), when k of QPSO-WNN is 12 or 13, classification accuracy of BGV can reach 93.6 %. The classification accuracies of BGV
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under all values of k are greater than PSO-WNN and WNN. To get the optimal k of QPSO-WNN, the convergent rates for k =12 and 13
were compared and are presented in Fig. 9(b). The convergent rate of k = 12 is faster than that of 13. Therefore, the optimal value of k
for QPSO-WNN is 12.

In addition, the optimal 7 of QPSO-WNN should be determined, and classification accuracy of BGV was enhanced with the synthetic
impact of several variables. Fig. 9(c) presents the impact of 5 on classification accuracy of BGV for QPSO-WNN. In the range of n =
[0.001, 0.01] for the QPSO-WNN algorithm, when 5 = 0.009 and 0.01, the classification accuracies of BGV were highest, increasing
from 93.6 % to 98.4 %. Moreover, the classification accuracies of BGV for all 7 values of QPSO-WNN were higher. To obtain the optimal
n, convergent rates of 7 = 0.009 and 0.01 were compared and presented in Fig. 9(d). The convergent rate of = 0.01 is faster than n =
0.009. Therefore, n = 0.01 is the optimal learning rate. Fig. 9(e) shows the influence of 1 on classification accuracy of BGV for QPSO-
WNN. In the range of 1 = [0.01, 0.1] for the QPSO-WNN algorithm, when 4 = 0.01, the classification accuracy of BGV was the highest,
increasing from 98.4 % to 100 %. Similar to that of 7, the classification accuracies of all A values were higher than WNN and PSO-WNN.

Then, the shrinkage and expansion coefficient () of QPSO-WNN was optimized in the range of [0.1, 1]. To determine the optimal
shrinkage and expansion coefficient a, the influence of shrinkage and expansion coefficient a on the classification accuracy of BGV for
QPSO-WNN was presented in Fig. 10(a)-(b).

As shown in Fig. 10(a), when a = 0.3, 0.5, 0.6, 0.7, 0.8 and 1, the classification accuracies of BGV were largest for the QPSO-WNN
algorithm. To further determine the optimal shrinkage and expansion coefficient, Fig. 10(b) shows the relationships between the
iteration number and the classification accuracy for a = 0.3, 0.5, 0.6, 0.7, 0.8 and 1. According to Fig. 10(b), the convergent rate of a =
0.3 was the fastest, demonstrating that the optimal shrinkage and expansion coefficient a is 0.3.

Finally, the influence of iteration number on the classification accuracy of BGV, the influence of training number on the MSE, and
the classification results of testing blood were studied, as presented in Fig. 11(a)-(c).
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As shown in Fig. 11(a), as the iteration number of 1, the classification accuracy of QPSO-WNN is 93.6 %. As increasing the iteration
number, the classification accuracy of BGV gradually increases. When the iteration number increases to 21, the classification accuracy
of BGV increases from 93.6 % to 100 %, which exceeds the classification accuracy of the BGV based on WNN and PSO-WNN. With a
further increase in the iteration number, the classification accuracy of BGV reaches 100 %. In Fig. 11(b), with increasing training
number, the MSE of classifying BGVs decreases exponentially. Based on optimal parameters of QPSO-WNN, 125 cases of testing blood
were predicted, as presented in Fig. 11(c). The classification accuracy of the BGV based on QPSO-WNN for 125 cases of testing blood is
100 %, that is, all testing set samples were correctly classified.

5. Discussion
5.1. Analysis of impacting variables

The accurate measurement and classification of BGV is one of most important steps during the monitoring and controlling of DM.
Although optoacoustic spectroscopy has unique advantages based on the effect of opto-induced ultrasonic, which can overcome the
interference of scattering light and the problems of spectral overlap and low detection depth for pure optical methods in biotissue, it
will inevitably be simultaneously impacted by some elements in practice, especially for changeable circumstances and complicated
biobodies. Therefore, to obtain an accurate qualitative assessment or quantitative measurement of BGV for DM patients in the clinic, it
is necessary and valuable to explore the impacting of some variables on the optoacoustic measurement of DM and the qualitative
classification of its severity.

Although the optoacoustic measurement of blood glucose has already been studied by some scholars and a few reports about the
influence of a single variable mainly focused on the temperature and concentration, research on the synthetic impacts of several
variables on the optoacoustic measurement of blood glucose has been scarce. For the influence of single variable, its influence patterns
is usually obvious. For example, regarding temperature, the optoacoustic intensity of blood glucose linearly increases with temper-
ature [32,33]. For the excitation energy of the laser, its influence pattern is the same as that of the temperature, and the optoacoustic
intensity linearly increases with laser’s excitation energy [61]. For the detection distance, its influence pattern is opposite to that of
temperature and the excitation energy of the laser; that is, the optoacoustic intensity linearly decreases with detection distance. For the
BGV, although the relationship between optoacoustic intensity and BGV was built via linear model in some literature [21,22,61], its
influence pattern is relatively complicated because the BGV change will cause different changes in other properties of the blood,
including mechanical, optical and thermal. In some results, nonlinear modelling between the BGV and the optoacoustic value was used
[23,62]. Moreover, from Eq. (1), the optoacoustic intensity is related to many variables. The ultrasonic velocity, optical absorbance
coefficient and coefficient of thermal expansion are positively dependent on the optoacoustic intensity. The specific heat volume is
negatively dependent on the optoacoustic intensity. In addition, from the experimental results for the impacts of several variables on
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the optoacoustic measurement of blood glucose in this work (see Fig. 5 in Section 3.3), the reasons for the increase in the optoacoustic
intensity (peak-peak values) of blood glucose are not only the BGV but also the excitation energy of the laser and temperature. At the
same time, the variables that decrease the optoacoustic intensity of blood glucose are detection distance and flow velocity. Therefore,
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with the synthetic impacts of several variables, the change in optoacoustic intensity of blood glucose is usually nonlinear and very
complicated. It is difficult to rapidly and accurately classify the different severities of DM from only complicated and changeable
real-time optoacoustic signals or optoacoustic intensity. Therefore, it is necessary to use machine learning [63-66] or artificial in-
telligence methods [67,68] to analyse the optoacoustic data of blood glucose and then to accurately achieve the qualitative classifi-
cation of DM with different BGVs. In this work, the qualitative classification of DM with the synthetic impacts of several variables was
first studied via optoacoustic technology. Moreover, the WNN algorithm was utilized to develop the qualitative classification model for
the DM severity. At the same time, the PSO and QPSO algorithms were utilized to optimize the variables of WNN. For the PSO, too
many variables should be adjusted in Egs. (12), that is, not only positions and velocities of particles need to be updated but also three
control parameters need to be adjusted, that is, inertia weight (w), accelerated variable (c;) and accelerated variable (c3). However, for
the QPSO, only the positions of particle need to be updated in Egs. (7), and there is only one control parameter, i.e., shrinkage and
expansion coefficient.

5.2. Comparison and validation

To validate the availability of classifying DM based on QPSO-WNN algorithm, the classification results of DM with the synthetic
impacts of several variables were compared with seven different algorithms in this work, i.e., extreme learning machine (ELM) [69],
SVM [70], self-organizing competitive neutral networks (SOCNN) [71], self-organizing mapping neural networks (SOMNN) [72],
WNN, PSO-WNN and QPSO-WNN. Table 2 shows the classification accuracies of BGV based on seven algorithms.

In Table 2, the classification accuracies of BGV based on the SOCNN and SOMNN are only 19.2 % and 16.8 %, respectively. The
reason why the classification accuracies of BGV based on the SOCNN and SOMNN are not high is that the differences between the
optoacoustic peak—peak values for blood glucose samples with different concentrations were very small, which results in the unsat-
isfactory qualitative classification of BGV from similar data. The classification accuracies of BGV based on ELM and SVM can reach
93.6 % and 92.8 %, respectively, which are much higher than SOCNN and SOMNN. The classification accuracy of BGV based on the
WNN can reach 94.4 %, which is slightly higher than ELM and SVM. For WNN, PSO was utilized to optimize the weight values, scaling
and translation variables of wavelet activation function in the WNN, and classification accuracy was enhanced from 94.4 % to 98.4 %.
Finally, the classification accuracy was further enhanced from 98.4 % to 100 % under the QPSO-WNN. Study results show that the
QPSO-WNN has a significant classification result of qualitatively classifying the BGV with the synthetic impacts of multiple variables.

Table 2

The classification accuracies of BGV of DM based on seven algorithms.
Algorithms SOCNN SOMNN ELM SVM WNN PSO-WNN QPSO-WNN
Accuracy(%) 19.2 16.8 93.6 92.8 94.4 98.4 100
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5.3. Prospects

According to the results of this work, optoacoustic technology combined with AI algorithms, such as machine learning (ML) al-
gorithms and ANN algorithms, performs well in the qualitative classification and assessment of DMs involved in synthetic impacts. As
this work is the first investigation on the optoacoustic qualitative classification of DM considering the synthetic impacts of five factors,
the qualitative classification results of DM are satisfactory, supporting further research on more factors. Research on the optoacoustic
qualitative classification and assessment of DM impacted by more complicated influencing variables will be reported in our next work.
At the same time, with the optimized design and miniaturization of optoacoustic detection systems, such as pulsed lasers, ultrasonic
transducers, signal preprocessing devices, signal acquisition devices, data transfer circuits, data control and microprocessors, the cost
performance of optoacoustic detection systems will be greatly improved, which would allow it to enter commercialization and
practical application. Therefore, our work has practical research value and can provide strong technical support for future commercial
practical applications because it is closer to real-life complicated situations. It is believed that the commercialization of optoacoustic
detection and qualitative assessment of DM will be achieved in the near future.

6. Conclusions

Rapid and precise qualitative classification of BGV is very important in assessment of different severities of DM. In this work, an
experimental equipment of blood glucose optoacoustic measurement for rabbit whole blood involving the synthetic impacts of several
variables was built based on optoacoustic technology. Based on the optoacoustic equipment, we obtained the optoacoustic signals and
peak-peak values of blood with different BGVs. As the accurate classification of BGVs is difficult due to the complicated optoacoustic
information, WNN algorithm was utilized to qualitatively classify DM with different BGVs in this work. Meanwhile, PSO was utilized to
optimize the weight values, scaling and translation variables of wavelet activation function in the WNN. To find some optimal pa-
rameters of PSO-WNN, the effects of number of neurons in hidden layer and learning rates on classification accuracy of BGV were
investigated. At the same time, the impacts of iteration and training numbers on classification accuracy and MSE of BGV were also
studied. Then, QPSO optimized WNN was utilized to further enhance the classification accuracy of BGV. Several conclusions are drawn
as follows.

(1) Under the synthetic impacts of several variables, for different BGVs of blood samples, although the optoacoustic signals are very
similar in contour, the amplitude increases with increasing temperature, BGV and energy absorption, and decreases with
increasing of detection distance and flow rate. In addition, the optoacoustic peak-peak values of blood greatly overlap under the
complicated impacts of several variables, which makes classifying the different categories of BGV difficult only from opto-
acoustic signals or peak—peak values of blood samples.

(2) For WNN algorithm with the optimal number of neurons in hidden layer and learning rates, classification accuracy of DM was
94.4 %. For PSO-WNN algorithm, by adjusting the variables of WNN, as well as PSO, the classification accuracy of DM increased
to 98.4 %.

(3) For QPSO-WNN algorithm, by adjusting the number of neurons in hidden layer and learning rates of WNN, the shrinkage and
expansion coefficient of QPSO, the classification accuracy of the DM was enhanced to 100 %.

(4) Research results illustrate that optoacoustic technique combined with QPSO-WNN algorithm performs well in the qualitative
classification of DM with the synthetic impacts of several variables.
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