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Abstract: Two-part epoxy adhesives are widely used in a range of industries. Two-part epoxy ad-

hesive is composed of a resin and a hardener. Both materials remain stable in the general environ-

ment but curing begins when mixed in the specified mixing ratio. However, it has the disadvantage 

of requiring a specific mixing device. In addition, if the mixing ratio is different from the specified 

ratio due to the error of the mixing system, it has a fatal effect on the adhesion performance. The 

dielectric constant is a characteristic constant of a material. Therefore, it represents the mixing ratio 

of mixed two-part epoxy adhesives. With the electrical impedance spectroscopy technique, it can be 

measured indirectly by measuring impedance according to frequency and temperature. In this 

study, a sensor and embedded device for an online monitoring of its integrity using a regression 

method among machine learning are developed, which can acquire impedance data with frequency 

and temperature data according to the change in the mixing ratio of a two-part epoxy adhesive. The 

experimentally collected data were used as training data for the machine learning algorithm. It was 

found that the learned machine learning algorithm effectively estimates the mixing ratio of the two-

part epoxy with an arbitrary value. 

Keywords: two-part epoxy; mixing ratio; dielectric; electrical impedance spectroscopy;  

machine learning 

 

1. Two-Part Epoxy Adhesive Overview 

1.1. The Importance of the Mixing Ratio of Two-Part Epoxy Adhesive at Mixing Process 

Two-part epoxy adhesive is a liquid adhesive material composed of a resin and a 

hardener. It maintains a stable state when the two materials are separated, and when 

mixed just before use, the two liquids react, and curing begins. The cured two-part epoxy 

adhesive has excellent mechanical strength, water resistance, heat resistance, chemical re-

sistance, and electrical insulation [1]. In addition, storage and transportation are relatively 

easy, and the price is low, so it is used for bonding, coating, and insulation of various 

materials such as plastics, metals, fibers, wood, and composite materials [1,2]. 

Due to these advantageous characteristics, it is widely used not only in the produc-

tion of products such as textiles, composites, and shoes but also in high-tech industries 

such as automotive, aerospace, railway, civil, display, and semiconductor industries [1]. 

For example, epoxies are also used as structural bonding agents in place of welding be-

cause they can maintain high adhesion [3]. In this case, since adhesion is affected by many 

factors, many experimental and analytical studies have been conducted on it [4–6]. 

The most essential condition for maintaining the various properties of cured epoxy 

begins with the mixing of the two materials. A wide range of component formulations 
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and various coating methods are applied depending on the scope of application and re-

quired characteristics. In order to obtain the required performance, various conditions 

such as temperature, time, surface conditions, mass or volume mixing ratio suggested by 

the two-part adhesive manufacturer must be satisfied [1]. Generally, the two adhesive 

materials are homogeneously mixed using equipment such as a dosing system, as shown 

in Figure 1, just before dispensing. A preparation process to accurately set the mixing ratio 

of the dosing system is necessary. The solutions from each pipe are discharged for a spe-

cific time without the mixing system. Additionally, they need to measure the mass or vol-

ume of the discharged solution using a particular measurement device, such as an elec-

tronic scale or mass cylinder. Adjusting the pump drive and valve is repeated so that the 

mixing ratio is the same as the suggested value. 

 

Figure 1. Schematic diagram of a dosing system for two-part epoxy adhesive (modified from [1]). 

On a normal operating state, the mixing ratio mismatch with the suggested value can 

occur due to an operation error of the mixing system, changing fluid resistance, or the 

pump or valve operation error that supplies the two adhesive materials. The result will 

have fatal defects, such as slowed curing time and weakened adhesive strength [1]. How-

ever, there are few in-depth studies on these obvious facts [7]. In addition, micro-voids 

generated during the mixing step reduce adhesion strength [8]. 

Usually, it takes several to several tens of hours under certain conditions until com-

plete curing, and in a bonding process using epoxy adhesive, the quality of the bonding 

result can be verified after that. Therefore, if a quality defect in the bonding process is 

found, all products produced during the curing time are regarded as defective and cause 

much loss. In order to detect such an error, the flow meters may be mounted on each of 

the two supplied liquid material pipelines. However, this method may have poor accu-

racy due to the change in viscosity according to the temperature of the liquid and the 

change in fluid resistance in the dispensing nozzle and mixer. 

1.2. Method for Measuring Material Properties Using an Impedance Measurement Technique 

The dielectric constant of a material is based on the difference in the polarizability of 

ions, which is inherently changed according to the type and amount of the material con-

stituting it. A change in polarizability causes a difference in permittivity. It has various 

values according to dielectric properties, which are one of the properties of materials. 

Therefore, it can be used to classify materials [9]. 

The relative permittivity of material means a value relative to the permittivity of a 

vacuum. EIS (electrical impedance spectroscopy) technique is a method of measuring the 
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magnitude and phase of impedance that changes according to the input frequency. 

Through this, the relative permittivity of the dielectric can be obtained indirectly [10]. 

On the other hand, the impedance characteristics of complex materials have non-lin-

ear and complex characteristics in some cases. Therefore, its equivalent electric model and 

analysis methods have been proposed in various ways [11]. 

Much research has been performed in various industries, such as mixed solutions 

[12–15], biology [16–18], food [19], material corrosive evaluation [20], and battery [21–25], 

as well as the measurement of a chemical reaction using it. Likewise, since various poly-

mer materials including adhesives are also dielectric materials, it can be usefully utilized 

to measure the properties of epoxy adhesives. Therefore, much research has been per-

formed on this technique [26–31]. In addition, a method for monitoring the status of the 

process online using this has been introduced [17]. 

1.3. Estimation Method Using Machine Learning 

In machine learning, there are regression and classification techniques among super-

vised learning, clustering in unsupervised learning, and reinforcement learning, selected 

and applied according to the type of problem. 

Among machine learning algorithms, the regression method is used as an inferring 

method of the result value using the collected data [32,33]. The regression method using 

machine learning is easier to construct modeling, has better flexibility, and can expect bet-

ter results compared to using a numerical analysis method for a model with complex 

equations and non-linear characteristics. Many types of research are being carried out on 

data processing obtained by machine learning with EIS [34–38]. In addition, research on 

how to predict the change in permittivity using machine learning has been performed 

[38,39]. 

In this study, by applying a regression method among machine learning algorithms, 

data on impedance according to frequency range at a predetermined mixing ratio and 

temperature are acquired and learned on a machine learning model. In addition, the per-

formance is confirmed to estimate the mixing ratio of the epoxy using the data on imped-

ance and temperature not used for learning. Furthermore, a developed sensor device and 

embedded system are applied for the online verification of the mixing ratio’s integrity, 

which can be used to measure data on a two-part epoxy adhesive process for the learned 

machine learning model. 

As with many studies introduced above, the EIS technique is widely used to estimate 

material characteristics and aims to find the actual value under various conditions. How-

ever, this study aims to detect the different inputs after learning using a machine learning 

algorithm in known input data and use this for monitoring online. So, an additional resis-

tor was connected in parallel to the electrode plates to suppress the effect of parasitic ele-

ments. Moreover, research has been performed to detect variance for monitoring integrity 

in flowing fluid materials rather than estimating exact impedance values. 

2. The Method for the Estimation of the Characteristics for Liquid Materials through 

Impedance Measurement 

2.1. Characteristics of Solutions and Relative Permittivity 

To measure the dielectric constant of the material, as shown in Figure 2, a polariza-

tion phenomenon is caused by placing a dielectric between two flat electrode plates. Due 

to this phenomenon, capacitance is generated between the two flat electrode plates, and 

the magnitude of the capacitance can be expressed as the following Equation (1). A is a 

flat electrode plate, d is a distance between flat electrode plates, and ε0 is absolute permit-

tivity. C0 is a capacitance when ε0 is 1 that means vacuum between flat electrode plates. 

Capacitance (C) is proportional to the relative permittivity (ε) of the dielectric be-

tween the two flat electrode plates. 
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0 0 
A

C C
d

   (1)

 

Figure 2. Dielectric material between two flat electrode plates. 

2.2. Relationship between Relative Permittivity and Impedance 

By measuring a capacitance as in Equation (1), the relative permittivity can be ob-

tained. As is well known, the relative permittivity has a complex permittivity (ε*) whose 

characteristics change according to temperature and frequency [9]. 

Considering the input frequency of the voltage V0 supplied to the two flat electrode 

plates, it can be expressed as Equation (2). where V is the output voltage and ω means the 

angular velocity (rad/sec). 

0 j tV V e 
 (2)

In contrast, the actual flowing current can be expressed as Equation (3) below. Where 

I is the current in a capacitance, Q is the quantity of electric charge. 

*
0 

dQ dV
I C

dt dt
  (3)

On the other hand, the relative permittivity can be expressed as a complex value, and 

as the sum of the real part (ε′) and the imaginary part (ε″), as shown in Equation (4). 

*    j    (4)

Substituting this into Equation (3), the current with respect to the voltage applied to 

the two flat electrode plates is induced as in Equation (5). 

 0
  I C j V    (5)

If Ohm’s law is applied to Equation (5), Equation (6) can be obtained for the imped-

ance (Z(ω)) between the two flat electrode plates. 

 0

1
( ) 

 
Z

C j


  
 (6)

By rearranging Equation (6), it can be expressed as Equation (7) below. 

 
 

2 2
0

1
( )   

 
Z j

C
  

  
 (7)
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Therefore, the phase difference (�) in the impedance is as Equation (8). 

1tan


 






 (8)

On the other hand, tan δ is defined as in Equation (9), which is called dielectric loss 

tangent, and this value is used as a significant indicator to identify the characteristics of 

materials. 

tan









 (9)

For polymeric materials such as polystyrene and Teflon, ε′ has a value of 2–3, and ε″ 

has a small value of 0.001 or less [9]. On the other hand, in water, ε′ has a relatively large 

value of about 80. 

In Equations (8) and (9), tan δ is expressed as the phase difference (�), as in Equation 

(10) below. 

tan cot    (10)

On the other hand, in Equation (5), the impedance is determined by the sum of the 

real part and the imaginary part among the dielectric constants having a complex value, 

and if each of these is separated, it can be expressed as Equation (11) below. 

   0 0
    C RI I I j C V C V     (11)

Among them, the imaginary part contributes to the capacitance and the real part con-

tributes to the resistance. 

Therefore, the impedance for each component is as shown in Equation (12) below. 

So, in the two flat electrodes, ε′ and ε″ are the main variables that determine the capaci-

tance and resistance, respectively. 

0 0

1 1
( ) , ( ) 

 C RZ Z
j C C

 
   

 (12)

On the other hand, as shown in Figure 3, the above impedance characteristics can be 

expressed as an equivalent circuit of the parallel connection between the resistor R and 

the capacitor C. 

 

Figure 3. The equivalent circuit represented to RC parallel connection. 

The impedance of the RC parallel circuit can be expressed as Equation (13). 



Processes 2022, 10, 951 6 of 23 
 

 

1 1

( )
j C

Z R



   (13)

Also, the magnitude and phase difference in the impedance according to the fre-

quency is the same as in Equation (14). 

1

2 2

2

1
( ) , tan

1
Z RC

C
R

  



  



 
(14)

In Equation (13), the output current for the input voltage can be defined using Ohm’s 

law. 

( ) 1
( ) ( )

( )

V
I j C V

Z R


  



 
   

 
 (15)

Comparing Equations (11) and (15), R and C are derived as Equations (16) and (17) 

below. 

0

1
R

C 



 (16)

0C C    (17)

Equation (15) shows that resistance is determined by ε″. If the change in ε″ is not 

significant, resistance has a large value when the frequency (ω) is small, and its value de-

creases in inverse proportion as the frequency increases. In fact, polymeric materials have 

a very large resistance of several to tens of MΩ at low frequencies, representing the prop-

erties of the insulator well. In contrast, capacitance is proportional to ε′ regardless of fre-

quency, as shown in Equation (16). Therefore, the estimation of capacitance can represent 

the characteristics of ε′ well. 

Equations (16) and (17) should be arranged and substitute into Equation (9) to obtain 

the relationship between tan δ and R, C as shown in Equation (18). 

1
tan

RC





 
(18)

As shown in Equation (14), the phase difference is also matched 1:1 with the magni-

tude of the impedance. Therefore, tan δ can be defined even by using the magnitude of 

the impedance. The tangent function has an infinite value when the phase difference ( ) 

is close to 0° and 0 when it is close to −90°. This means that the ratio of ε′ and ε″ has an 

enormous difference, and a slight change at this time does not have a significant effect on 

the phase difference, which is highly disadvantageous for precise measurement of tan δ. 

Similarly, in the magnitude of the impedance shown in Equation (14), C is almost ne-

glected when the frequency (ω) is close to 0, while R is also practically neglected when the 

frequency becomes very large. At this time, the phase difference is 0° and −90°, respec-

tively. Considering the characteristics of the tangent function again, the phase difference 

of −45° is near the cut-off frequency where the values of ε′ and ε″ are almost the same and 

the magnitude of the impedance decreases by −3 dB. In the vicinity of this frequency, tan 

δ becomes sensitive to changes in the values of ε′ and ε″. 
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2.3. Impedance Characteristics of the Parallel RC Circuit 

In the RC parallel circuit in Figure 3, the impedance and phase difference can be ob-

tained in the frequency domain using Equation (14), shown in Figure 4. Assuming that R 

= 10 kΩ and C = 1 μF are initial values, Figure 4a is the result obtained by increasing C by 

1 μF, and Figure 4b is the result obtained by increasing R by 10 kΩ. It can be seen that the 

magnitude of the impedance is sensitive to the change in C in the high-frequency region 

and sensitive to the change in R in the low-frequency region. At this time, the criterion for 

dividing the high-frequency region and the low-frequency region is defined as the cut-off 

frequency (1/RC (rad/sec)). In addition, it can be seen that the change in the phase differ-

ence is significant near the frequency. 

 
(a) 

 
(b) 

Figure 4. Bode plots of RC parallel circuit: (a) Change in capacitance (R = 10 kΩ); (b) Change in 

resistance (C = 1 μF). 
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Therefore, good results can be expected if an appropriate cut-off frequency is set and 

tan δ is measured at a frequency near it. In general, the measurement of tan δ in polymer 

materials is performed at a high frequency of 100 kHz to several GHz or more. One of the 

reasons is that the resistance value of the polymer material is enormous and causes a high 

cut-off frequency. Therefore, a change in the phase difference appears at a high frequency, 

and a change in tan δ is observed. In addition, a significant resistance value at a low fre-

quency may cause a measurement error because the amount of current flowing is very 

small. 

2.4. Effects of Parasitic Elements 

Parasitic elements are unintended electrical elements that exist between the electrode 

plates and the instrument. Figure 5 shows an example. Parasitic resistances RP1 and RP2 

occur due to cable resistance and contact resistance of connectors [40]. In addition, the 

parasitic capacitor (CP) is generated when two wires are long and close to each other. Ad-

ditionally, parasitic coils (LP1, LP2) are induced when the cable is twisted. The configuration 

of a complex circuit network causes many errors, even in the frequency response. Since 

the parasitic resistance is very small compared to the resistance of the electrode plates at 

low frequency, the effect is also minimal. However, at a high frequency, the resistance of 

the electrode plates also becomes small, so it is necessary to be careful. Even if the parasitic 

capacitor has a constant value, it acts as a capacitance measurement error. The impedance 

due to the parasitic coil increases according to the frequency increases, causing many er-

rors at high frequency; therefore, if the measurement frequency is carried out in a rela-

tively low-frequency range, the effect of the parasitic elements can be minimized. There-

fore, the selection of a moderately low cut-off frequency is advantageous for impedance 

measurement. 

 

Figure 5. Parallel RC circuit with parasitic elements. 

2.5. Connection of Additional Resistor 

As mentioned above, it is most advantageous to measure tan δ near the cut-off fre-

quency. However, since cured epoxy with insulator properties has a significant resistance, 

a cut-off frequency is generated at a very high frequency. Moreover, measurements at 

high frequencies have several disadvantages. 

Figure 6 shows a circuit in which an additional resistor, Ra (10 kΩ), is connected in 

parallel with the two flat electrodes. 
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Figure 6. Parallel RC circuit with additional resistors connected. 

Ra is more than 100 times smaller than R at low frequencies and the parallel resistance 

composed of R and Ra induces more complex non-linear characteristics as shown in Figure 

7. For example, when R is 1 MΩ and Ra is 10 kΩ, the total resistance becomes 9.901 kΩ 

according to the parallel connection formula of resistors, and when it is 10 MΩ, the total 

resistance becomes 9.90 kΩ. Therefore, it has the effect of changing a change of 1 to 10 MΩ 

into a change of 89 Ω, so it has non-linearity and is very insensitive to the change of ε″. 

However, there is an advantage that the cut-off frequency of the impedance equivalent 

circuit can be adjusted from a high frequency to a low frequency. This has the effect of 

significantly reducing the error caused by parasitic elements at high frequencies. 

 

Figure 7. Change in resistance of the two plate electrodes and change in total resistance. 

In general, in the case of polymer materials, ε″ has a size that is very small compared 

to ε′ [9]. Additionally, the purpose of this study is not to accurately evaluate the relative 

permittivity but to measure the impedance with a small error and to estimate the change 

in the mixing ratio as the change in the impedance. Therefore, it was possible to obtain 

the desired result without considering the effect due to the additional resistance. 

3. Experimental Device Configuration and Results 

3.1. Configuration of the Impedance Measurement Circuit 

There are various methods for measuring impedance, such as the bridge method, the 

I-V method, and the auto-balancing bridge method [40]. 

In this study, the auto-balancing bridge method shown in Figure 8 was applied. In 

this method, a sine wave voltage signal (Vx(ω)) of varying frequency is input to an 
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unknown RLC network, and the current I(ω) flowing at this time is converted into a volt-

age Vo(ω) using an I-V converter. It can be applied to a wide range of frequencies from 20 

Hz to 120 MHz, and has the advantage of high precision compared to other methods. 

 

Figure 8. Diagram of an auto-balancing bridge method. 

Impedance is measured as Equation (19) below according to Ohm’s Law. 

( ) ( )
( )

( ) ( )
x x

o

V V
Z

I V

 


 
 

 

(19)

For this system development, the AD5934 with I2C communication, a component for 

impedance measurement by Analog Device Inc., was used. It sweeps the input frequency 

within a specific range, collects the data of the output voltage, and applies the DFT (Dis-

crete Fourier Transform) algorithm to obtain the magnitude and phase difference in the 

impedance for each frequency. 

3.2. Impedance Change According to Temperature Change 

The relative permittivity tends to change highly according to temperature because 

the polarizability changes according to the molecule’s activity [9]. Therefore, it is essential 

to consider temperature when measuring impedance. In addition, two-part epoxy adhe-

sive starts a chemical reaction from the moment it is mixed, causing an increase in tem-

perature. Therefore, it is necessary to measure temperature change and impedance, collect 

the data, and use it for analysis. In this study, RTD was used for temperature measure-

ment. The RTD is a sensor element whose resistance value changes precisely according to 

a change in temperature. The MAX31865 was used for temperature data acquisition using 

an RTD. It converts the resistance value of the RTD into temperature data and transmits 

it through SPI communication. 

Figure 9 shows the structure of the impedance measuring device developed in this study. A 

Raspberry Pi, which is often used as an IoT device with the internet connection, was used for data 

collection using I2C and SPI communication and execution of machine learning algorithms. 
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(a) 

 

(b) 

Figure 9. Impedance measurement board with Raspberry Pi: (a) Block diagram; (b) A picture of 

the developed device. 

3.3. Design of Sensor Structure for Impedance Measurement 

Two plate electrodes can be easily manufactured using a PCB pattern. A copper plate 

76 μm thickness was attached to the surface and was coated thinly with a PSR (Photo 

imageable Solder Resist) ink. PSR ink is known to use epoxy-based materials to prevent 

soldering on unwanted parts. Figure 10 shows the feature and dimension of electrodes 

with bolt halls for fixing to the sensor body, through-halls for wire soldering, and a pad 

for mounting RTD. The specification of the RTD is that size is 1.6 × 3.25 × 0.9 mm (SMD 

size 1206), R0 is 1000 Ω, and resistance tolerance is ±0.12%. 
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Figure 10. Drawing of the two plate electrodes using a PCB pattern. 

A sensor with the structure shown in Figure 11 was designed. In addition, it was 

designed to be inserted in the middle of the pipe through which the mixed epoxy flows. 

The sensor body was made of PTEF material and sealed with an O-ring. Figure 12 shows 

the photo of the actually fabricated sensor device. 

 

Figure 11. Basic structure of impedance sensor for epoxy flow. 

  

Figure 12. Design of impedance sensor with RTD. 

Air, a resin, and a hardener were injected into the manufactured sensor at 20.2 °C, 

and capacitance was measured at a frequency of 1 kHz to 20 kHz using an LCR meter. 

The relative permittivity according to frequency was obtained by dividing the capacitance 

of a resin and a hardener by the capacitance of air. It can be seen that there is a sharp 

change at frequencies below 5 kHz, as shown in Figure 13. 
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Figure 13. Measured relative permittivity of a resin and a hardener at 20.2 °C. 

3.4. Composition of Two-Part Epoxy Adhesive Mixing Experiment Equipment 

Various mixing and dispensing systems such as manual cartridge gun are used in the 

industry that actually uses two-part epoxy adhesive. A dosing system is also used to con-

figure an automated process as shown in Figure 1. The dosing system stores each liquid 

material in two tanks and uses two pumps to discharge the continuous supply according 

to the mixing ratio and to execute mixing in the mixer device. 

Mixing ratio errors can occur for various reasons, such as a pump setting mistake, 

change in viscosity according to temperature, and abnormal control operation. In this 

study, a two-part epoxy adhesive mixing device, as shown in Figure 14, was used for ex-

periments and data collection using an accurate mixing ratio. In addition, this device has 

two tanks, each for storing the resin and hardener of two-part epoxy adhesive. It has two 

replaceable cylinders, and the mixing ratio is determined by replacing cylinders with dif-

ferent volumes. The maximum discharge volume of cylinders is 40 cc, and the fluid veloc-

ity at the sensor is about 0.4~0.6 m/s, depending on the air pressure setting. The two liquid 

materials are discharged by moving forward at the same time according to the com-

pressed air supplied to the air cylinder. Therefore, continuous feeding is impossible, but 

the correct mixing ratio is maintained. The developed impedance sensor is inserted be-

tween the mixer and the dispenser to collect impedance and temperature data of the 

mixed adhesive. 

(
)
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(a) 

 
(b) 

Figure 14. The composition of the experimental device: (a) Fixed ratio two-part epoxy adhesive mix-

ing device with sensor; (b) A picture of the experimental device. 

3.5. Experimental Progress and Analysis of Result Data 

Experiments were conducted while changing the mixing ratio by preparing cylinders 

of various ratios. It can be expected that two-part epoxy adhesive will be cured at the 

moment it is mixed, and its physical properties will continue to change over time. The 

two-part epoxy adhesive used in the experiment had a curing time of 24 h, and the meas-

urement was made immediately after mixing, so it was judged that the error according to 

the curing time was very short. 

The average graph of five times the measurement for the three ratios among the fre-

quency response data of impedance is shown in Figure 15a. The mixing ratio was ex-

pressed in % of the ratio of the hardener to the resin. The experiment was measured in the 

frequency range of 1 kHz to 50 kHz. In addition, the section that was significantly non-
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linear due to parasitic factors with little change was removed, and the section from 5 kHz 

to 15 kHz was used for analysis. 

 
(a) 

 
(b) 

Figure 15. Measured impedance graph: (a) Impedance graph by different mixture ratio at 13 °C; (b) 

Impedance graph by different temperatures. 

The AD5934, a component for impedance measurement, can obtain impedance data 

with a frequency resolution of 0.1 Hz or less. However, if the frequency resolution is too 

small within the set frequency range, it takes much time to collect data. Moreover, the 

lower the frequency occurs, the longer the measurement time, because that lower fre-

quency needs a long time for one period in the time domain. It seems that using a large 

number of frequency data among the training data for machine learning will improve to 

obtain high accuracy. However, it is difficult to obtain homogeneous data because a long 

measurement time causes a change in impedance according to the progress of the 
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chemical reaction. Therefore, it is necessary to set a short data collection time to obtain 

homogeneous data. In this study, 51 pieces of data are extracted at intervals of 200 Hz 

between 5 kHz and 15 kHz in the frequency domain. The data collection time takes about 

0.6 s, which is very short compared to the entire curing time of the two-part epoxy adhe-

sive used in this experiment. 

From this, it can be seen that as the frequency of the input sine wave increases, as 

with the capacitance characteristic of the RC circuit, the impedance decreases signifi-

cantly. In addition, it can be seen that the magnitude of the mixed adhesive decreases as 

the mixing ratio increases. In other words, it can be seen that the mixing ratio induces a 

significant change in capacitance. That is, the mixed adhesive has a significant change in 

ε’ according to the mixing ratio. 

3.6. Impedance Change with Temperature Change 

In order to measure the change in impedance according to the temperature change, 

the sensor containing the mixed adhesive was completely sealed, and then the tempera-

ture and the impedance were measured by increasing the temperature of the adhesive 

using a cold and hot water bath. The temperature change experiment used the measure-

ment value of RTD inside the sensor, and the impedance was measured while changing 

the temperature in the range of 10 °C to 40 °C. Figure 15b shows the impedance data with 

respect to the temperature change for the mixed adhesive with a mixing ratio of 67.7%. It 

can be seen that the magnitude of the impedance decreases as the temperature increases, 

but when the temperature increases over a certain level, the slope change is not significant. 

4. Mixing Ratio Estimation Using Machine Learning Algorithm 

4.1. Data Preprocessing for Machine Learning 

As a method for estimating the ratio of the mixed adhesive, the parameters of the 

governing equation may be determined using a regression analysis technique such as the 

least square method, and the measured result may be estimated by the interpolation 

method. However, as shown above, impedance has a non-linear characteristic and is sen-

sitive to temperature. Therefore, when estimating the mixing ratio using this algorithm, 

an error is expected to be very large. Thus, a deep learning model was created to perform 

robust prediction despite non-linear changes according to frequency and temperature 

changes, and mixing ratio prediction was performed using this. 

A significant amount of training data is required to learn a deep learning algorithm. 

However, since the number of cylinder volumes of the experimental apparatus is limited, 

it is complicated to collect data according to precise changes in various mixing ratios. For 

that reason, virtual data were created based on the measured data to confirm the usability 

of this device. 

First, the impedance value for each frequency according to the mixing ratio was 

changed to the impedance of the mixing ratio when the frequency was changed at an in-

terval of 500 Hz. Next, curve fitting was applied to generate virtual data for various mixed 

ratios. The generated virtual data is shown in Figure 16a. 
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Figure 16. Modified impedance graph and impedance weight graph: (a) Estimated impedance by 

each frequency; (b) Impedance weight by each frequency. 

In addition, it is also necessary to generate virtual data on the change in impedance 

for temperature change. Therefore, the impedance data for each frequency according to 

temperature was converted into impedance weight data for each temperature according 

to frequency. The impedance change according to the mixing ratio was determined by 

setting the impedance weight of 13 °C to 1. After calculating the weights at different 
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temperatures, by applying their curve fitting, virtual data about temperature can be cre-

ated as shown in Figure 16b. 

With the two types of data above, one mixing ratio can be expressed as one curved 

surface in a three-dimensional space. In Figure 17, one curved surface represents the im-

pedance according to temperature and frequency at the same mixing ratio. And each 

curved surface represents a value obtained by dividing the mixing ratio between 16.7% 

and 83.3% into 10 equal parts, and the lower the mixing ratio, the higher the impedance 

value in the upper layer. It can also be seen that the lower the temperature and the lower 

the frequency, the higher the impedance magnitude. The generated data were used for 

the training and testing of the deep learning model. A large number of datasets are re-

quired for the excellent performance of machine learning. Therefore, it is necessary to ex-

tract an appropriate amount of data from the surfaces shown in Figure 17. For the machine 

learning training dataset, 51 impedance data according to frequency, 100 mixing ratio 

data, and 100 temperature data were extracted and used for learning. 

 

Figure 17. Impedance with temperature and frequency represented 3D surface form. 

4.2. Training and Evaluation of Machine Learning Models 

Various algorithms exist in machine learning. In this study, the problem of finding 

an appropriate output for an input is a regression during supervised learning. For this 

purpose, an ANN (Artificial Neural Network) [41], as shown in Figure 18, was constructed 

using the tensor flow package in an embedded Linux environment. The number of input 

layer nodes of the ANN model used has 52 nodes, including one temperature data and 

impedance magnitude for 51 frequencies. Furthermore, the output layer has only one 

node to predict the mixing ratio. 
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Figure 18. The ANN model with activation function for regression. 

The number of hidden layers and the number of nodes can be set arbitrarily, and 

accordingly, the learning time and the accuracy of the results vary greatly. The composi-

tion and number of hidden layers used in this study and their respective activation func-

tions are shown in Figure 18. 

The ANN model was learned by selecting 75% of the prepared data as training data 

with gradient descent, and as shown in Figure 18, it was confirmed that the loss decreased 

and convergence as the number of learning increased as shown in Figure 19. Table 1 shows 

some of the results for inputting test data not used for training to the learned ANN model. 

As a result of calculating the difference between the actual mixing ratio and the predicted 

mixing ratio, the difference is within 0.74%, so it can be confirmed that the model is well 

trained and outputs show excellent results. 

 

Figure 19. Loss with epoch number graph. 

Table 1. Test result of the learned ANN model. 

No. 
Test Data Predicted 

Ratio (%) 
Error (%) 

Temperature (°C) Ratio (%) 

1 25.23 71.47 71.58 −0.11 

2 25.23 36.78 37.13 −0.35 

3 38.88 40.87 41.03 −0.16 

4 38.88 39.84 39.55 0.29 
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5 19.03 72.09 72.81 −0.72 

6 19.03 53.15 53.09 0.06 

7 35.39 37.62 37.71 −0.09 

8 35.39 29.07 28.33 0.74 

4.3. A Suggestion for Configuring a Remote Online Monitoring System 

As with the introduced mixing ratio of two-part epoxy adhesives in this study, the 

integrity of the liquid can be verified through impedance monitoring. By applying this, 

the fluid’s integrity of various processes can be effectively monitored. For example, solu-

tions used for cleaning and coating in semiconductor and display manufacturing pro-

cesses require high integrity. 

Since the developed system uses an IoT device (Raspberry Pi), it can easily connect 

to the network. Thus, it is possible to configure a system that remotely verifies the integ-

rity of various liquids such as epoxy, solutions, and oils [42]. Figure 20 shows a flow chart 

of the suggested software structure to configure it. The software has three modes: a learn-

ing mode for machine learning, a testing mode for online testing and monitoring, and a 

stop mode for termination. The ANN model is learned in the learning mode after setting 

the label value for the acquired impedance and temperature data. In the case of two-part 

epoxy adhesives, the mixing ratio corresponds to the label value. At this time, it is as-

sumed that the liquid flowing through the sensor is in integrity. When sufficient learning 

has progressed, the mode is changed to testing mode. In this mode, impedance and tem-

perature data of the liquid flowing through the sensor are input to the learned ANN, and 

the result is estimated. The difference between the set label value and the estimated value 

becomes an error. If the absolute value of error is greater than δ, it is judged that the im-

paired integrity and an alarm is issued. The online remote monitoring system can be con-

figured by transmitting the evaluation results to a network-connected remote monitoring 

server [43]. 

 

Figure 20. Suggested flow chart to configure for an online remote liquid monitoring system. 
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5. Conclusions 

In this study, the correlation between the mixing ratio and the dielectric constant of the 

two-part epoxy adhesive was experimentally verified. In addition, the sensor was designed 

and manufactured, which can be inserted into a liquid pipe for measuring the impedance and 

temperature of liquids involving two-part epoxy adhesives. In addition, with the EIS tech-

nique, an embedded system and measurement circuits were constructed that can measure 

temperature and impedance by frequency. Using this, impedance and temperature measure-

ments were performed under various mixing ratios and temperature conditions. 

Based on the measured data, curve fitting was applied to the mixing ratio and tempera-

ture to generate virtual data. Then, an ANN model was learned using arbitrarily selected train-

ing data, and the performance of the learned model was verified using the test data. As a result 

of the test, the excellent estimation performance of the learned model was confirmed. 

The advantage of the machine learning algorithm is that it is possible to check the integ-

rity of the mixing ratio using experimental data without knowing strictly the properties of 

complex polymer materials and changes in properties that occur during curing, including mi-

cro-voids in the mixed epoxy. Therefore, monitoring these changes can be helpful in evaluat-

ing their integrity. As a disadvantage, many new data are required whenever the composition 

or mixing ratio of a two-part epoxy adhesive is changed; though, this is when applied to an 

actual process. However, if many data are collected and learned in a steady state, the occur-

rence of defects can be alarmed in near real-time. 

In order to monitor the mixing ratio of epoxy in actual industrial sites, a flow meter is 

often inserted into the pipe at both ends of the mixing system to which each fluid material is 

supplied in the dosing system of Figure 1. It measures the flow rate through two pipes and 

can know the mixing ratio through a simple calculation. On the other hand, there are several 

disadvantages. The flow meter structure is complicated, and it is integrated with the measur-

ing device, so it is expensive and requires two sensors for measuring the mixing ratio. Fur-

thermore, cleaning work is needed for reuse when changing the dispensing process. This 

method estimates the mixing ratio by measuring the flow rate before mixing and does not 

directly represent the results for the mixed epoxy. In contrast, the result for this study can 

estimate the characteristics of the mixed epoxy by using a single sensor. Since the sensor struc-

ture is simple, only the sensor can be separated and replaced without reusing it. Thus, mainte-

nance cost is cheaper than applying the flow meter. Moreover, it has a wide range of applica-

tions by essentially measuring the characteristic of materials 

In addition, it is expected that this developed device can be easily used as an IoT remote 

liquid monitoring system because a Raspberry Pi has a network function such as the internet 

protocol (TCP/IP). Moreover, it can be applied widely to process fields using fluids, such as 

various chemical processes, beverage production, oil refining, and wastewater disposal. 
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