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Abstract 

A feature of thermoplastic carbon fiber composite material (CFRTP) is that it has high productivity that 

enables secondary processing such as press molding. However, there is a problem that the mechanical 

property of the products is uneven after press molding. The cause is that the resin melted in the press mold 

flows under the compression load during press molding, and the fiber orientation is different from the 

original material. The conventional in-process quality checking method only determines whether a 

measured value of a pressure sensor or the like mounted on a press die exceeds a control value, and cannot 

predict a material flow during molding. The purpose of this research is to develop a technology that 

recognizes the time series change of sensor data during press forming as a pattern and determines the 

quality accompanying the material flow during press forming by machine learning. First, we will develop 

sensor data patterning technology for viscoelastic changes at each temperature and strain rate during CFRP 

press molding. Second, we observe the fiber orientation change inside the molded product, and model the 

material flow state during press molding and evaluate the mechanical properties. Third, machine learning 

is performed using sensor data patterns and machine characteristic data. As a result, a technology for 

estimating product quality from sensor data during press molding will be developed. 
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Introduction 

The purpose of this technology development is to develop mass production technology for the CFRP 

products press molding. Conventional optimization method for CFRP press molding is that press molding 

is performed after determining the molding conditions such as temperature, press load and speed, the 

quality of the molded product is determined by the test, and the validity of the molding conditions is 

evaluated. However, in the conventional method, it is difficult to produce the products of the same quality 

even if press molding is performed under constant production conditions. The reason is that the carbon 

fiber laminate structure of the CFRP material being heated expands as the resin melting. Then, the fibers 

and the resin flow in the mold by the compression load of the press molding, and change into a fiber 

laminated structure different from the material before the press molding. This is a reason for the variation 

in the internal structure of the fiber and the resin during the press molding, which causes variations in the 

quality of the molded product even in the press molding under a constant production condition. 

In general, quality control methods during processes such as press molding use pressure and resin 

temperature sensors mounted on the molding die to measure changes during molding and determine 

whether the specified pressure and temperature have been reached.  However, in this method, since only 

one point of measurement data is determined, it is not possible to determine a change in the resin state 

inside the mold during press molding. 

Recently, we noticed that the time series data of the die displacement sensor during press molding showed 

a different pattern for the difference of heating temperature and press load. However, the change in the 

unique pattern is extremely small and cannot be determined by a human. So, as a result of examining the 

pattern recognition by machine learning, it was found that the classification can be made under a single 

condition of the heating temperature and the press load. However, pattern classification is complicated and 

difficult because actual press forming is a complex condition. 

In the maintenance field for example aircraft engines, Digital Twin technology based on sensor 

measurement is applied. But, in the manufacturing filed, there are various external factors other than 

manufacturing conditions, so it is difficult to develop Digital Twin technology at the manufacturing filed. 

Therefore, in this study, instead of pattern classification of sensor time series data during press molding 

including external factors, actual measurement data of viscoelastic change of CFRP material and material 

flow state obtained by analysis of fiber orientation change of molded product are combined. Then, pattern 

classification is performed using sensor time-series data based on the material viscoelastic properties. With 

this method, it is possible to directly observe the state of material change during molding even when 

external factors are involved. Then, by using this pattern and machine learning of product mechanical 

characteristics, we will develop technology for estimating the quality of products in molds from sensor 

data during press molding. 
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Objectives 

The purpose of this research is to develop FRP press molding mass production technology. We noticed 

that the time series data of the die displacement sensor during press molding showed different patterns for 

the difference of heating temperature and press load. Therefore, first, we will develop a sensor data 

patterning technology for viscoelastic changes at each temperature and strain rate during CFRP press 

forming. Second, we observe the fiber orientation change inside the molded product, and model the 

material flow state during press molding and evaluate the mechanical properties. Third, machine learning 

is performed using sensor data patterns and machine characteristic data. As a result, a technology for 

estimating product quality from sensor data during press molding will be developed. 

 

Approach 

1. Patterning of sensor time series data during press forming 

 In order to obtain the relationship between viscoelastic properties and material flow due to differences in 

material temperature and compression speed settings during press molding and compression, an 

experiment was conducted to acquire physical properties using a compression flat plate tester, and material 

viscoelasticity and compression load The sensor time series data is measured. In addition, a material 

compression test was performed with a 2000 kN press molding machine and an experimental mold in 

which sensors were arranged in an array on the mold surface. Perform patterning. 

 

2. Observation of fiber orientation inside molded products and development of mechanical property 

prediction technology 

 Observe the fiber orientation inside the molded product by X-ray CT image analysis of CFRP molded 

product, and analyze the change in fiber orientation due to material flow. 

Since an X-ray CT image has a trade-off relationship between the observation range and the resolution, 

the observation range is as small as about several mm in order to obtain detailed fiber orientation analysis 

information, and the entire molded article cannot be observed. Therefore, in order to obtain the fiber 

orientation information of the entire molded product, it is necessary to obtain the fiber orientation 

information that has been homogenized within a certain range, and it is necessary to optimize the element 

size when simulating the mechanical properties. In this section, we will develop a technique for analyzing 

fiber orientations with an observation range of several hundred mm using phase imaging technology, a 

new X-ray observation technique. Then, the consistency between the mechanical property values obtained 

from the actual test, the mechanical properties predicted from the fiber orientation results, and the fracture 

model is examined. 
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3. Development of Judgment Technology for Press Forming Using Machine Learning  

Machine learning is performed by combining the sensor time series pattern of 1 with the fiber orientation 

and mechanical property results of 2, and a technology to predict the mechanical properties from the sensor 

time series data during press forming is developed. 

Machine learning models are customized based on readily available existing models. 

Then, using the constructed machine learning model, the time series data of the actual press forming sensor 

is analyzed, the validity of the learning model is evaluated, necessary improvements are made, and the 

proof is confirmed. 

 

1. Patterning of sensor time series data during press forming 

1.1 Introduction 

Chopped carbon fiber tape-reinforced thermoplastic (CTT) has high strength and formability, and is 

attracting attention as a next-generation composite material. Figure 1-1 shows the structure and photograph 

of the CTT press-formed flat plate. Carbon fiber tape pieces of several tens of millimeters in length 

impregnated with thermoplastic resin are laminated in random directions and press-molded. Figure 1-2 

shows the CTT manufacturing process. Because the carbon fibers in this material are discontinuous, the 

material melted in the mold flows during press molding, enabling complex product shapes with ribs to be 

produced in a single press molding. CFRP material during press molding undergoes biaxial flow due to 

compressive load. Rheometers typically measure the viscosity of polymeric materials. However, CTT 

exhibits anisotropic flow properties because it flows significantly in the transverse direction of the fiber 

orientation [1]. And due to the strong influence of the fiber structure, rheometers cannot give accurate 

measurements. Therefore, we used a universal material testing machine to increase the size of the test piece 

to reduce the variation in the measurement of CFRP viscosity. First, using a universal material testing 

machine equipped with a high-temperature chamber, we obtained measurement data on the strain rate 

dependence and temperature dependence of the apparent viscosity of the molten CFRP material. This data 

was used as master data. Apparent viscosities were then calculated by combining sensor readings from 

press molding experiments. Since the apparent viscosity measured in the press molding experiment and 

the apparent viscosity of the master data matched, it was proved that the apparent viscosity of the CFRP 

material measured by the press molding machine is a reasonable value. 
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Fig. 1-2 The CTT manufacturing process. 

 

1.2 Measurement of apparent viscosity with a universal tester 

Figure 1-3 shows the arrangement of the compression flat plate test jig and test specimen in the constant 

high-temperature chamber. The specimen was a disk shape with a diameter (D) of 75 mm and a thickness 

(H0) of 6 mm. The compression flat plate jig's moving speed was 0.01, 0.1, 1, 10 mm/sec under four 

conditions, and the material heating temperature was 200, 175, 150, 125 °C under four conditions. The test 

piece was assumed to be an incompressible material, and the Poisson's ratio was 0.5. The compressive 

pressure σ when flowing in the x-direction due to the load in the y-direction was calculated by Eq. (1), the 

strain ε was calculated by Eq. (2), and the strain rate 𝜀̇ was calculated by Eq. (3). The test load was F, 

and the test piece thickness H was the distance between the compression plate jigs. In this study, we 

calculated the apparent viscosity because it was difficult to formulate the viscosity change of non-

Newtonian fluid during the molding process. The apparent viscosity was calculated by Eq. (4) from the 

changes in pressure and strain rate [4].  

 

Fig. 1-1 Structure and photograph of a press-molded flat plate of CTT 
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Figure 1-4 shows the results of compressive stress change during the test. The horizontal axis is the 

position of the compression plate and the plate jig position where the upper and lower plate jigs contact is 

set to 0 mm. The vertical axis is the compressive stress value calculated by equation (1). Each graph shows 

the test temperature of 200 degrees and the results of four test speed conditions. Figure 1-5 shows the 

results of strain rate change during the test. The vertical axis is the strain rate calculated by equation (3). 

Figures 1-4 and 1-5 alone cannot accurately observe the material flow under compressive load. 

 Figure 1-6 shows the result of the apparent viscosity change during the test. The vertical axis shows the 

apparent viscosity calculated by Eq. (4), and each line in the Figure shows the test result of one test piece. 

Figure 1-7 shows that the change in apparent viscosity in the range of 5 to 3 mm at the flat plate jig position 

where the test piece is flowing due to the compressive load shows the same slope at each test speed. The 

175, 150, and 125 ° C material heating temperatures also have the same trend. Figure 1-7 shows the strain 

rate dependence results of the apparent viscosity of the CTT material. The value at the compressed plate 

position 5 mm, where the material flow starts in Figure 1-6, is plotted for the apparent viscosity value. 

Heating temperatures 175, 150, and 125 ° C were also plotted in the same way. The apparent viscosity 

changes linearly to the strain rate, and the material viscosity during molding changes depending on the die 

speed during press molding. In addition, the smaller the material heating temperature, the greater the 

change in apparent viscosity, showing a temperature dependence. Figure 1-7 was used as the CTT material 

flow database for this experiment and compared with the press molding experiment results. 

Fig. 1-3 Specimen compression test 

method for universal material tester 

(Left Figure: Photograph of 

compression test flat plate jig and 

specimen arrangement, Right Figure: 

Outline view of compression test) 
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Fig. 1-4 Results of compression stress measurement 

(material temperature 200 ℃, mold speed 0.01, 0.1, 

1, 10 mm / sec) 

Fig. 1-5 Results of strain rate measurement  

(material temperature 200 ℃, mold speed 0.01, 0.1, 

1, 10 mm / sec) 

 

 

Fig. 1-6 Results of apparent viscosity measurement  

(material temperature 200 ℃, mold speed 0.01, 0.1, 

1, 10 mm / sec) 

Fig. 1-7 Results of CTT's apparent viscosity 

dependence on strain rate (material temperatures 

200, 175, 150, 125 ° C) 

 

1.2 Measurement of apparent viscosity with a 2000ｋN hydraulic press machine 

Figure 1-8 shows the schematics and dimensions of the molded product used in the experiment. A 

pressure sensor (6157BA, KISTLER) was installed in the molding die, and we measured the pressure in 

the outer center of the convex shape of the molded product in the black circle ● part. CTT material was 

200 x 80 mm, the thickness was 8mm and put into the center of the press molding die. Table 1-1 shows 

the seven press molding conditions tested. The press molding conditions were that the mold and material 

temperatures were kept at 200 °C for 3 minutes and then cooled to 80 °C. 
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1.3 Result and discuss 

Figure 1-9 shows the results of compressive stress change during the test, and Figure 1-10 shows the 

results of strain rate change. The compression pressure σ is the measured value of the resin pressure sensor 

mounted on the mold, and the specimen thickness H is the measured value of the laser displacement sensor 

installed on the mold. Figure 1-11 shows the results of the apparent viscosity. The apparent viscosity of 

the material in the mold during press molding was calculated by Eq. (4). The apparent viscosity changes 

gently in the 8 to 4 mm region where the material was flowing in the mold. Therefore, we inferred that it 

is in a continuous flow state. 

 Figure 1-12 shows the result of adding the apparent viscosity of the press molding experiment to Figure 

1-7 of the strain rate dependence of the apparent viscosity measured by the universal material tester. The 

results for the seven press molding conditions in Table 1 are white plots, added to the 200 ° C and 150 ° C 

results in Figure 1-7. The apparent viscosity of the press molding experiment is the value at the mold 

position 8 mm, where the material flow starts. The apparent viscosity values in the press molding 

experiments agreed with the apparent viscosity values in the database created by measuring with a 

universal material testing machine. Thus, the results showed that the material flow in the mold during press 

molding, which was not possible until now, can be directly measured by the apparent viscosity. 

 The apparent viscosity measurement method obtained in this section is a value that accurately measures 

Fig. 1-8 Drawing showing the molded product 

of the press molding experiment and the 

measurement position of the pressure sensor 

Table 1-1 Seven conditions for press molding 

experiments 
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the flow of material during press molding. Therefore, the time variation of the apparent viscosity will 

greatly contribute to the pattern analysis of machine learning. Next fiscal year, we plan to conduct press 

molding experiments with various fiber structures and molding conditions to obtain the apparent viscosity. 

 

Fig. 1-9 Results of pressure measurement in press 

molding experiments  

Fig. 1-10 Results of strain rate measurement in press 

molding experiments  

 

Fig. 1-11 Results of apparent viscosity measurement 

in press molding experiments  
Fig. 1-12 The result of adding the apparent viscosity 

measurement result of the press molding experiment 

to Fig. 4. (the black plot is the result of the universal 

material tester, the white plot is the result of the 

press experiment.) 
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2. Observation of fiber orientation inside molded products and development of 

mechanical property prediction technology 

2.1 Introduction 

 In chopped carbon fiber tape reinforced thermoplastic (CTT) material, the anisotropic region of fiber 

orientation after press molding often causes the degradation of mechanical properties and damage and 

fracture. This study explores means of obtaining the fiber shape and fiber orientation tensors from molded 

products and then predicting the CTT mechanical properties and damage fracture locations. 

The fiber orientation tensor of the molded product was obtained through X-ray phase imaging. The 

material properties of the finite element model using CTT were calculated and mapped from the fiber 

waviness model and the orientation tensor to predict damage failure. Results showed that the fracture 

positions of both the test and simulation agreed in specimens having large anisotropic regions. However, 

the specimens with small anisotropic regions did not match. Therefore, the images of strain distribution of 

the test piece under a tensile load were compared by cross-correlation. Results showed a large correlation 

between the tensile test and simulation results, thus confirming the simulation's effectiveness. 

 

2.2 X-ray CT imaging of CTT molded products 

 Figure 2-1 shows the results of the fiber shape obtained by X-ray CT image and image processing. The 

test pieces are a prepress test piece with laminated tape and a test piece after press molding. We found that 

the fiber shape waviness greatly due to the flow of the material during press molding. So, in the damage 

fracture simulation, We calculated the material properties considering the fiber waviness. 

 

Fig. 2-1 Results of X-ray CT image and image-

processed fiber shape of CTT tape-laminated pre-

molded test piece and post-press-molded test piece 

(a, b: X-ray CT image, c, d: Fiber shape of image 

processing result, a, c: Specimen of before press molding, 

b, d: Specimen of after press molding.) 
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2.3 X-ray phase imaging of CTT molded products and acquisition of fiber 

orientation tensor 

 X-ray phase imaging is an imaging technique for detecting a phase shift of X-rays when passing through 

a subject. Figure 2-2 shows the principle of the X-ray phase imaging device. The X-ray Talbot Low 

Interferometer is one of the X-ray phase imaging methods. First, the fiber orientation of the CTT specimen 

was obtained from the image analysis using an X-ray phase imaging device (Shimadzu Corporation) [6]. 

Next, and we calculated the 2D fiber orientation tensor from the fiber orientation [7,8,9].  

 

2.4 Creation of damage fracture model using fiber orientation tensor. 

 We used GENOA (Alpha Star, USA) for the damage fracture prediction simulation [9, 10, 11].  First, 

the GENOA inhomogeneation method calculation creates the single-layer composite model. Table 2-1 

shows the calculation results of the mechanical properties of the single-layer composite model. Tables 2-

2 and 2-3 show the material properties and structural design used in the calculations. Next, the fiber 

orientation tensors were mapped for each FEM model element. Then, multiple single-layer composite 

models are stacked for each FEM model element and calculate the material properties according to the 

fiber orientation tensor. 

 

 

Fig. 2-2 Schematics of X-ray 

Imaging System. Transmission 

gratings (G0, G1, and G2) are 

placed in-line along the beam 

axis. 
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 Figure 2-3 shows the color vector map, the fiber orientation tensors, and the material properties. a) is the 

orientation angle distribution by the color-coded circle color for each angle, and the shade of the image 

shows the degree of orientation. The bright part of the shade image shows the unidirectional fiber 

orientation part with large anisotropy, and the dark part shows the isotropic random orientation. a) is a 

structure in which the fiber orientation is not uniform and random, but local fiber orientation bias and 

anisotropic structure are distributed. b, c, d) are the results showing the values of the orientation tensors 

A11, A22, and A12 calculated from a) on a color scale. e) is the material property mapping result for each 

element calculated by GENOA from the orientation tensor, and 21 different material properties are color-

coded and defined. 

 

2.5 Damage fracture simulation results with fiber orientation tensor 

 Fracture damage analysis was calculated with the PFA module of GENOA [12]. Figure 2-4 shows the 

results of the damage fracture simulation of 6 test pieces. a) is the fiber orientation distribution color vector 

map acquired by the phase imaging device. b) is a photograph of the fracture of the test piece after the 

tensile test. c) is the result of the damage fracture simulation. Blue indicates the healthy part, red indicates 

Table 2-1 Results of mechanical properties of single-layer 

composite model obtained by calculation 

Table 2-2 Mechanical properties of fibers and resins 

used in the calculation of the single layer composite 

model. 

Table 2-3 Fiber structure and lamination conditions 

used in the calculation of the single-layer composite 

model. 
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the part where the damage fracture occurred, and the white outline indicates the fractured part where the 

element is missing due to the fracture. d) is the strain distribution result immediately before fracture in the 

tensile direction X by DIC analysis during the tensile test. e) is the result of the strain distribution just 

before the fracture in the X direction by simulation. The results of Specimen Nos. 5, 3, and 2 shows that 

the fracture position of the tensile test and the simulation fracture position is the same in the anisotropic 

region (light blue part), where the fiber orientation distribution was orthogonal to the tensile direction X. 

This result shows that the damage fracture simulation using the fiber orientation tensor obtained from the 

test piece shows good agreement with the actual tensile test results. Thus, it is possible to predict the 

damage fracture of the molded product with high accuracy. Next, the results of Nos. 6, 1, and 4 show that 

there are no large regions showing anisotropy, and small areas are scattered compared to Nos. 5, 3, and 2. 

The fracture position of the tensile test and the simulated fracture position were different results. 

The intercorrelation coefficients of the strain distribution images of d) and e) of the six samples were 

calculated to verify the validity of the simulation. Figure 2-5 shows the results of the intercorrelation 

coefficient. Since the result of Figure 2-5 has a correlation coefficient of 0.4 or more, the correlation 

between the strain distribution at the tensile test and the strain distribution of the simulation result is shown. 

Thus, from the correlation coefficient results, the simulation results appropriately predicted changes in the 

strain of the test piece, and We found the validity of the simulation results.  

 

 

 

Fig. 2-3 Results of fiber orientation tensors 

and material properties defined for each 

simulation element. 

(a: Color vector map of fiber orientation 

obtained by phase imaging, b, c, d: Color 

map of fiber orientation tensor A11, A22, 

A12) 
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Fig. 2-4 Results of phase imaging images, tensile test and damage fracture prediction simulation for 

each test specimen. a) Color vector map of fiber orientation and degree of orientation, b) Photograph 

of specimen fracture after tensile test, c) Results of damage fracture simulation, d) Color map of 

strain distribution of DIC analysis results during tensile test, e) Color map of strain distribution of 

damage fracture simulation results. 

Fig. 2-5 The results of calculation of cross-

correlation of in-plane strain distribution color 

map images of tensile test and damage fracture 

simulation. 
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3. Development of Judgment Technology for Press Forming Using Machine Learning 

3.1 Introduction 

 The application of machine learning techniques in manufacturing has become increasingly popular in 

recent years [13.14]. The use of machine learning in manufacturing has the potential to significantly 

improve efficiency, reduce costs, and enhance product quality. In recent years, research has been conducted 

on advancing carbon fiber reinforced plastics (CFRP) manufacturing using machine learning techniques. 

One of the main goals of this research is to optimize the manufacturing process of CFRP through the 

application of machine learning algorithms. For example, machine learning models can be trained on data 

obtained from the manufacturing process to predict the optimal processing conditions for achieving high-

quality CFRP products. Another aspect of this research is the use of machine learning for real-time 

monitoring and control of the CFRP manufacturing process. This involves the integration of sensors and 

other data collection devices with machine learning algorithms to enable continuous monitoring and 

adjustment of the manufacturing process based on real-time feedback. The application of machine learning 

to CFRP manufacturing has the potential to enhance the quality and efficiency of the manufacturing 

process significantly. By optimizing the process and improving real-time monitoring and control, it is 

possible to reduce waste and improve the consistency and reliability of the final product.  

 In this chapter, we used the apparent viscosity measurement method of the press forming obtained in 

Chapter 1 to determine the flow state of the material in the mold during forming using machine learning 

from the sensor measurement data during press forming. At the beginning of the research, we aimed to 

estimate the mechanical properties of the press mold product by integrating the fiber orientation analysis 

results in Chapter 2. However, it was very difficult to consider it, and I reluctantly gave up. 

 

3.2 Creation of apparent viscosity data for machine learning 

 The acquisition of press molding data for judging different molding conditions by machine learning was 

investigated. From Chapter 1, the apparent viscosity calculated from the data measured by the pressure 

sensor and the displacement sensor mounted on the mold reflects the material flow inside the mold well. 

Since the apparent viscosity depends on the temperature of the material and the mold, it is possible to 

determine the temperature change of the molding conditions by the magnitude of the apparent 

viscosity. Also, the mold speed is the same because it can be determined whether the time response 

is fast or slow. Therefore, we took on the challenge of using machine learning to determine differences 

in the material flow inside the mold, which is difficult to determine. 

 Figure 3-1 shows the shape of the two molded products used in the experiment. The shapes of the molded 

product were the same as the experiment in Chapter 1, but we used two types, rib and ribless, in the hollow part. 

The ribless molded products have a shape that simulates the defective state of short-shot molding defect in which 
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the material flow does not reach the ribs. If the two molded shapes were recognized by machine learning, rib 

and ribless, it would be possible to judge the defective molding condition from measurement sensor data during 

the press molding process. The apparent viscosity during press molding was measured using these two products. 

The molding conditions were the fixed conditions shown below. 

 

・Material: Matrix thermoplastic epoxy (same CTT material as in Chapter 1) 

・Material heating, mold temperature: 200℃ 

・Mold speed: 10 mm/sec 

 

 

Fig. 3-1 The schematics of the two molded products used in the experiment 

(Left Figure: ribs product. Right Figure: ribless product) 

 

 Figure 3-2 shows the measurement results of apparent viscosity. The horizontal axis is the position of the 

upper mold relative to the lower mold, and the vertical axis is the value of the apparent viscosity. These 

results include data for moldings rib and ribless. Since the pressure sensor and displacement sensor data 

were acquired at intervals of 0.2 sec, the mold position on the horizontal axis was not acquired at equal 

intervals. For machine learning to recognize data, response intervals, such as the time and position of each 

data, must be the same. Therefore, we processed the data so that the horizontal axis data of all the results 

in Figure 3-2 were evenly same interval. Figure 3-3 shows the processing method. Small fluctuations 

accompany apparent viscosity data due to variations in sensor measurement data, which is an obstacle for 

machine learning. Therefore, we approximated the apparent viscosity data with a ninth-order polynomial. 

The blue dot plot graph in Figure 3-3 results from apparent viscosity calculated from sensor measurement 

data (measure), and the green graph (fitting) is the result of approximation with a 9th-order polynomial. A 

ninth-order polynomial was then used to calculate the apparent viscosity at 0.1 mm intervals between mold 

positions. The results are shown in a red dot graph (Resample). Figure 3-4 shows the processed result. a) 
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is the apparent viscosity data from the mold position 5mm where the apparent viscosity showed a constant 

value in the material flow in Fig. 3-2, b) is the result of approximation with a 9th order polynomial, c) is 

the metal viscosity from the 9th order polynomial This is the result of recalculating the apparent viscosity 

at intervals of 0.1 mm for the mold position. 

  

Fig. 3-2 The result of measurement apparent viscosity during press molding. 

(24 data in total, 19 data for rib molded products, 5 data for ribless molded products) 

 

Fig. 3-3 The result of processing apparent viscosity data at equally spaced mold positions 
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a) Apparent viscosity data from mold position 5mm in Figure 3-2, 

b) The result of the 9th-degree polynomial approximation, 

c) Apparent viscosity results calculated from a 9th-order polynomial at 0.1 mm intervals between 

mold positions 

Fig. 3-4 The results of processed apparent viscosity data for machine learning 
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Figures 3-5 and 3-6 show the results of resampling the apparent viscosity at the mold position at 0.1 

mm intervals. Figure 3-5 shows 19 results with cross ribs, and Figure 3-6 show five results ribless. 

Comparing the two results, it is difficult to determine if there is a visual difference visually. 

 

Fig. 3-5 The result of rib molded product resampling the apparent viscosity at the mold position at 0.1 

mm intervals 

 

Fig. 3-6 The result of ribless molded product resampling the apparent viscosity at the mold position at 

0.1 mm intervals 

2.0E+06

4.0E+06

6.0E+06

8.0E+06

1.0E+07

1.2E+07

1.4E+07

1.6E+07

1.8E+07

2.0E+07

-4-3-2-10

A
p

p
ar

en
t 

v
is

co
si

ty
 [

P
a.

se
c]

Mold position [mm]

RIB_1 RIB_2 RIB_3 RIB_4 RIB_5
RIB_6 RIB_7 RIB_8 RIB_9 RIB_10
RIB_11 RIB_12 RIB_13 RIB_14 RIB_15

2.0E+06

4.0E+06

6.0E+06

8.0E+06

1.0E+07

1.2E+07

1.4E+07

1.6E+07

1.8E+07

2.0E+07

-4-3-2-10

A
p

p
ar

en
t 

v
is

co
si

ty
 [

P
a.

se
c]

Mold position [mm]

Plane_1 Plane_2 Plane_3

Plane_4 Plane_5

DISTRIBUTION A: Distribution approved for public release.



20 

 

3.3 Estimation of molding state from apparent viscosity data by machine learning 

 Apparent viscosity determination by machine learning used MATLAB application. The method is “Fit 

Data with a Shallow Neural Network”. The description of Fit Data with a Shallow Neural Network shows 

below from MALTAB help etc. 

 

 Fitting data with a shallow neural network involves training the network to learn the 

relationship between the input data and the corresponding output data. The shallow neural 

network consists of an input layer, a single hidden layer, and an output layer. The input layer 

takes the input data, the hidden layer performs some computation, and the output layer produces 

the output data. 

 To fit data with a shallow neural network, we first need to define the architecture of the network, 

including the number of nodes in the input layer, the number of nodes in the hidden layer, and 

the number of nodes in the output layer. Once we have defined the architecture, we can train the 

network using an algorithm such as backpropagation to adjust the weights between the nodes in 

the network so that the output produced by the network closely matches the desired output. 

 The process of fitting data with a shallow neural network involves iteratively adjusting the 

weights in the network based on the error between the actual output and the desired output. This 

process continues until the error is minimized and the network has learned to predict the output 

based on the input data accurately. 

 

 The network was created using the MATLAB application. Figure 3-7 shows the MATLAB network 

sample Fit Data with a Shallow Neural Network application. The network is a two-layer feedforward 

network with a sigmoid transfer function in the hidden layer and a linear transfer function in the output 

layer. The Layer size value defines the number of hidden neurons. In this study, the hidden layer was 10,  

 

Fig. 3-7 The MATLAB network sample Fit Data with a Shallow Neural Network application. 

(Figure source: MATLAB Help Center “Fit Data with a Shallow Neural Network”) 

 

The method by which machine learning determines the apparent viscosity was to create a machine 

learning data set by associating the apparent viscosity data of a ribless mold, assuming the short-shot 

molding defect, with the data of correctly molded products with ribs. 
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Fig. 3-8 the machine learning method for recognizing apparent viscosity data using a MATLAB 

application. 
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Figure 3-8 shows the machine learning method for recognizing apparent viscosity data using a MATLAB 

application. Apparent viscosity data for molded products with ribs and ribless are in data array (DATA) 

format with one line each. A machine learning dataset was constructed by linking Target to the data array. 

The target for molded products with ribs was set to "1", and the target for those ribless was set to "2". 

Machine learning recognized these data sets and evaluated each data's recognition accuracy. 

Machine learning is teaching machines to learn from data without being explicitly programmed. Training, 

validation, and testing are three critical stages used in this process. The training phase involves feeding the 

machine learning algorithm with a dataset to help it learn the patterns and relationships between input 

features and output labels. During this process, the model is optimized by adjusting its parameters to 

minimize the difference between the predicted and actual outputs. Once the model is trained, it is evaluated 

on a separate validation dataset. The validation phase aims to estimate how well the model will perform 

on unseen data. Finally, once the model is tuned and optimized, it is tested on a third dataset called the test 

dataset. In this study, MATLAB application training algorithm was Levenberg-Marquardt, and 

Performance was a mean squared error. 

 Figure 3-9 shows the results of each training, validation, and test phase shown in plots. The horizontal 

axis of the plot shows the target, and the vertical axis shows the calculated output of each phase. If all the 

entered apparent viscosity data was recognized as linked Target value, the slope of the plot will show 45 

degrees, and the R-value, which indicates the error, will be 1. In other words, when R=1, entered apparent 

viscosity data of rib molded products were recognized by Target 1, and entered apparent viscosity data of 

ribless molded products were recognized by Target 2. increase. It shows that data recognition accuracy 

decreases as the value of R decreases from <1  

 Machine learning randomly selects data to compute, train, validate, and test from an input dataset. In this 

study, there were   24 data, and 70% for training, 15% for validation, and 15% for testing were selected. 

In order to compare the results calculated by selecting different data for each training, we performed 

training five times. Figures 3-10 to 3-15 show the results of five times of learning. And Table 3-1 shows 

the error R values resulting from Figures 3-10 to 3-15.  

As a result of five calculations, although there were some deviations in learning, verification, and testing, 

they generally showed a linear slope of 45 degrees, and the average R-value was 0.8 or more. This result 

indicates that machine learning could recognize the apparent viscosity data during press molding of 

molded products with ribs and ribless. Therefore, it was shown that the apparent viscosity measurement 

could determine the difference in the material flow state in the out-of-plane direction due to the presence 

or absence of the rib shape. 
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Fig. 3-9 the results of each training, validation, and test phase from MATLAB application. 
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Fig. 3-10 The results of five times of learning from MATLAB application (1 times) 

Fig. 3-11 The results of five times of learning from MATLAB application (2 times) 
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Fig. 3-12 The results of five times of learning from MATLAB application (3 times) 

Fig. 3-13 The results of five times of learning from MATLAB application (4 times) 
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Fig. 3-14 The results of five times of learning from MATLAB application (5 times) 

 

Table 3-1 the error R values resulting from Figures 3-10 to 3-14.  

Training Validation Test Total 

Train 1 0.88 0.40 0.86 0.77 

2 1.00 0.88 0.46 0.83 

3 1.00 0.86 0.46 0.83 

4 0.71 0.98 0.85 0.78 

5 0.90 0.00 0.93 0.87 

Average 0.90 0.62 0.71 0.82 
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4. Conclusion  

In Chapter 1, we could measure the material flow in the die during press molding, which a conventional 

sensor could not measure until now, by calculating the apparent viscosity by combined analysis with the 

die-mounted sensor. This study showed that the apparent viscosity indicates the flow of material during 

compressive load deformation. The material database obtained by measuring the universal material tester 

and the measured value of the press molding experiment was in good agreement. 

 

In Chapter 2, The fiber orientation tensor of the molded product was obtained by the X-ray phase imaging, 

which is difficult to obtain by using the X-ray CT until now. The damage fracture prediction simulation, 

GENOA was used to calculate the physical properties of the laminated material from fiber orientation 

tensor data, and a damage failure simulation simulating a tensile test was performed. As a result of the 

above, when the anisotropic region was large in the test piece, the simulation fracture result and the actual 

test result were in good agreement. However, when the anisotropic region was small, the fracture positions 

of the simulation and the actual test did not always match. Focusing on the change in test piece strain 

immediately before fracture, the change in test piece structure under tensile load was a valid simulation 

result because there is a correlation between the simulation and the actual test result. 

 

In Chapter 3, the flow condition of the material inside the mold was determined using the apparent 

viscosity. Using a molded product rib and ribless that simulates the defective state of short-shot molding, 

the MATLAB application's machine learning "Fit Data with a Shallow Neural Network" learned the 

apparent viscosity data during molding. Through machine learning, we were able to recognize differences 

in material flow conditions, which greatly affect the quality of molded products. With this technology, it is 

possible to make quality judgments based on sensor measurement data during press molding. 

 

Summarizing the two years of this research, we have developed and demonstrated a technology that can 

accurately measure the material flow state in the mold during press molding, which was impossible until 

now, by calculating the apparent viscosity from sensor measurement data. We also demonstrated that 

machine learning can be used to determine the material flow state in the mold from the apparent viscosity, 

and we were able to achieve one of the purposes of this research. 

Since the fiber orientation of the fiber composite material molding is closely related to the mechanical 

properties, a technology to measure the fiber orientation accurately is important. This research used a new 

X-ray phase imaging device to construct a fiber orientation analysis technology. Another objective of this 

study was to clarify the relationship between fiber orientation and apparent viscosity data to predict 

mechanical properties. However, 3D fiber orientation analysis of rib shape was very difficult and could 

not be achieved. 
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