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ABSTRACT 

 

The Plastic injection molding machine (IMM) has been one of the most preferred 

manufacturing methods since its invention and continues its development in parallel with 

the advancing technology. The demand for faster, better quality, and cheaper parts with 

improved quality output is increasing day by day. Manufacturers are dealing with quality 

errors in production while trying to meet this demand. The most common of these quality 

errors are the short shot missing injection error. The special mold investment, changing 

of part design, and usage of distinct plastic raw materials are carried out to solve this 

error. The most practical temporary action taken to prevent this error in production is to 

increase the raw material's weight by optimizing the process parameters. Unfortunately, 

all of these solution methods increase the product cost. 

This thesis aims to develop a system for preventing short shot quality failure 

without using a solution to massive increase the part's cost. Firstly, the finite element 

analysis (FEA) for the short shot quality defect in injection machinery molding (IMM) is 

performed via Autodesk Moldflow Analysis. The mold flow FEA model is verified in 

serial production. Then, IMM is integrated into manufacturing execution system (MES) 

and a quality control system with cameras installed at the end of the production line. The 

relationship between short shot quality defect and IMM critical process parameters 

extracted with data analytic. The model is generated and commissioned in the production 

line. The integration of each production line into MES and installing a camera 

measurement system can adversely affect industrial deployment sustainability. Therefore, 

a different approach is developed with in-mold pressure/temperature sensors. 
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The production parameters affecting the short shot quality failure are determined 

via the data analytics. The goal is to produce the system in the ideal range in each cycle 

by giving feedback to the IMM according to the in-mold sensors' data during production. 

The main aim of this thesis is to avoid short-shot quality failure in plastic part production. 

The short-shot quality defect has not been eliminated in this study. However, it has 

decreased from 3.7% error rates to 0.82%. This dramatic reduction results in an overall 

80% improvement in short shot quality failure without increasing product cost. 
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ÖZETÇE 

 

Plastik enjeksiyon prosesi, ilk üretimde kullanıldığından bu yana en çok tercih 

edilen imalat yöntemlerinden biri olmuş ve gelişen teknolojiye paralel olarak gelişimini 

sürdürmektedir. Plastik parçalara olan daha hızlı, daha kaliteli ve daha ucuz talebi her 

geçen gün artmaktadır. Üreticiler bu talebi karşılamaya çalışırken üretimde kalite 

hataları ile uğraşmaktadırlar. Bu kalite hatalarından en yaygın olanı, kalıbın dolmaması 

olarak bilinen eksik enjeksiyon hatasıdır. Bu hatayı seri imalatta gidermek için özel 

kalıp yatırımı, parça tasarımının değiştirilmesi ve farklı plastik hammaddelerin 

kullanılması denenmektedir. Hata üretimde bu hatayı önlemek için alınan en pratik 

geçici eylem, proses parametrelerini optimize ederek hammadde ağırlığını artırmaktır. 

Ne yazık ki tüm bu çözüm yöntemleri ürün maliyetini artırmaktadır. 

Bu tez, plastik parçanın maliyetini artırıcı bir çözüm kullanmadan eksik 

enjeksiyon kalitesi  önlemek için bir sistem geliştirmeyi amaçlamaktadır. İlk olarak, 

potansiyel eksik enjeksiyon hatasının bölgelerinin tespit edilemesi için sonlu elemanlar 

yöntemi kullanılarak kalıp akış analizi yapan Autodesk Moldflow programı 

kullanılmıştır. Analiz sonuçları üretimde denenerek doğrulanmıştır. Ardından plastik 

enjeksiyon makinesi ve hat sonuna kurulan kamera kontrol sistemi üretim yönetim 

sistemine entegre edilmiştir. Kritik proses parametreleri ile eksik enjeksiyon kalite 

çıktısı veri madenciliği ile istatistisel olarak ilişkilendirilip, seri üretimde devreye 

alınmıştır. Her üretim hattının sonuna kamera kurmak, plastik enjeksiyon makineleri 

üretim yönetim sistemine almak endüstriyel yaygınlaştırmayı olumsuz 

etkileyebileceğinden kalıp içi basınç/sıcaklık sensörleri ile farklı bir yaklaşım 

getirilmiştir. 
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Data analitik sonucunda bulunan eksik enjeksiyona etki eden üretim 

parametreleri belirlenmiştir. Bu kapsamda üretim sırasında kalıp içi sensörlerin 

verilerine göre plastik enjeksiyon makinasına geri bildirim vererek sistemi her çevrimde 

ideal aralıkta üretmek amaçlanmıştır. Yapılan çalışmalarda eksik enjeksiyon hatası 

tamamen giderilememiştir. Ancak ilk durumdaki %3.7 rework oranından %0.82 

seviyelerine düşürülmüştür. Bu azalma ürün maliyetini artırmadan eksik enjeksiyon 

hatasını %80 iyileştirmiştir. 
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CHAPTER I 

 

INTRODUCTION 

 

An injection molding machine could be a producing process that has to form the 

plastic raw material melted with temperature by injecting it into a mold and taking it from 

the mold by cooling. With this process, it's conceivable to form many materials of various 

sizes. The plastic injection strategy is one of the foremost common production processes 

utilized in the industry. The machine within which the plastic manufacturing process is 

administered is named a plastic injection machine. It consists of three main units: the 

molding unit, clamping unit, and injection unit. The section, called the Clamping Unit, 

serves to keep the mold under pressure during the cooling and injection processes. It 

provides to join the two sides of the injection mold. 

1.1 Literature Survey  

During the injection process, the granulated plastic material is poured from the 

chamber located above the injection unit. it's then taken into a cylinder (barrel), which is 

heated by heaters with resistance on it, with the assistance of a screw controlled by an 

electrical motor. The screw advances the molten plastic material to the end of the cylinder 

by being tightened continuously. Then the injection process is started. The manufacturing 

process of a plastic injection part consists of the subsequent stages; 

• Mold Closing: An injection molding machine comprises three primary parts: 

clamping unit, injection unit, and mold unit. The clamping unit, injection, and 

cooling application is that the unit under pressure. More basically combining two 
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sides (female and male) of a plastic injection mold. 

• Plasticization (Melting): The barrel, screw, and raw material are heated by the 

heating elements at the bucket's level. The raw material is compressed between 

the pitches while the screw rotates, rubbing and producing heat. The raw material 

standing on the spinning screw slowly melts into powder, granules, soft melt, high 

viscosity melt, or semi-hard powder. At the end of the screw passes, the rocket 

group starts to accumulate in front of the screw. The rocket group begins to gather 

in front of the screw as the screw moves. The hydro motor spins the screw at the 

desired rpm, transfers the raw material in front of it like a revolving screw 

conveyor, and fills it. The charged plastic becomes twisted and starts to pull the 

screw out. The oil is compressed with the back control mechanism when it returns 

from the injection cylinder so that the screw does not go out too far and there are 

no air pockets in the volume of counter-pressure from the finishing operation. 

• Injection: As the screw rotates backward, the bracelet slides and rests against the 

rocket. The ferrule and the collar are handled in front of the screw that can be 

applied. When the previously programmed machine detects enough plastic to fill 

the mold with micro switches or transducers, it stops operations, turning the screw 

and going back. This time the injection cylinder pushes the screw forward with a 

programmed speed and pressure. The ring leaks back and presses high, and 

prevents the material from escaping back like a check valve. The melting plastic 

passes through the nozzle and runner and fills the mold. 

• Holding: It presses the screw for a set amount of time to prevent the part from 

collapsing and shrinking due to cooling in the mold, and the part is sized. Through 

applying friction, the plastic melt inserted into the mold is packed with pressure. 

The procedure is repeated until the plastic inside the mold has solidified. The 
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duration of the process varies depending on the characteristics of the raw material, 

part size, and weight. 

• Cooling: As the timer runs out, the pressure is reduced. The plastic substance 

inside the mold has been frozen, and the mold has been cooled. The screw begins 

to spin again after taking advantage of the freezing moment. When returning, the 

pressing of the plastic begins. When the plastic has been removed, the screw is 

retracted 5-10 mm as required, and the material in the nozzle mouth is sucked out. 

The products in the nozzle are separated from the plastic in the runner. 

• Mold Opening: The formed substance is removed from the female mold as the 

mold is lifted, and there is no runner break. The nozzle fluid does not leak 

immediately when the runner is empty, and it does not clog the runner or flow into 

the mold. The nozzle and the top of the bucket are heated in a managed manner 

during this operation. 

• Part Removal: The pushers are used to separate the finished part from the mold. 

Injection molding machines can be configured in a variety of ways, with a variety 

of components (single or multiple units), which can be horizontal or vertical. Injection 

molding devices, on the other hand, all follow the same general procedure. The procedure 

outlined above is applicable to every injection molding system. 
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Figure 1: Injection Molding Machine 

Plastic injection molded components, like any other production procedure, may 

have complications and failures that require troubleshooting. The short shot quality 

failure, which is caused by the mold not filling, is one of the most popular IMM quality 

issues. The mold stops before entirely filling the mold cavity, resulting in holes or thin 

areas on the component surface and a faulty product. These holes are commonly located 

in the mold's thinnest regions or on the edges of the finished product. In a traditional 

plastic injection process, these are the last positions a mold would fill.  

As one of the most common plastic injection molding problems, there are many 

reasons why short shots occur, but they fall into three main categories:[1] 

o Problems with the plastic selection. 

o Problems with mold design. 

o Problems with the IMM. 

Potential Short Shot Failure Due to Material Selection 

The acceleration of melted plastic flow through the mold cavity is a recurring theme in 
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most of the issues. The most likely cause is something that interrupts this flow and causes 

the mold to fill insufficiently. The selected plastic should have a high viscosity for use if 

the mold flow is not analyzed. The Melt Flow Index is normally used to verify it (MFI). 

Flow analysis can be used to choose the plastic with the required viscosity value based 

on the usage condition.[2] 

Potential Short Shot Failure Due to Mold Design 

One of the most important aspects of the plastic injection process is the mold. Short shot 

quality defects may be caused by a poorly built mold. [4] 

Potential Short Shot Failure with the Molding Machine 

It's crucial to match the right component to the right molding machine for successful 

manufacturing and to prevent flow and pressure problems. If the shot size is less than 

25% of the machine's power, a small machine may not have enough pressure or ram 

speed, whereas a large machine can have trouble handling pressure. Higher temperatures 

in the barrel and die wall will also aid in the rapid cooling of molded plastic. 

Understanding the various models of plastic injection molding machines and how 

different types and sizes will gain is critical. [3] 

1.2 Objective 

According to the literature, the plastic injection procedure should be designed. It 

begins with selecting plastics with acceptable flow characteristics based on MFI values, 

a component design that will not trigger melt plastic flow issues, and machinery that 

meets the necessary specifications. This method allows ramp-up output to begin after the 

procedure has been developed. With the successful completion of the ramp-up phase, 

serial production will begin. 

Despite this, due to process instability, short shot output loss occurs during 

manufacturing. To correct this error, the process parameters are changed by optimizing 
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process settings. It gives a partial solution and recurs after a certain amount of time has 

passed. To overcome this recurring mistake, unique component designs, dual plastic 

components, and special mold manufacturing have been attempted. Regrettably, both of 

these solutions raise the price of the commodity.  

The aim of this study is to prevent short shot quality loss without resorting to a 

solution that dramatically increases the part's cost. 

1.3 Layout of the Thesis 

The organization of this thesis is as follows: 

In Chapter 1, the plastic injection process is explained along with its steps. Causes 

of short shot failure are examined. It is stated how solutions can be obtained with the 

material used, cost-increasing part design, and special mold manufacturing. The purpose 

of the thesis is explained.  

In Chapter 2, the FE model of the mold flow analysis is created. The mold flow 

analysis results are interpreted, and potential short shot quality failure areas are evaluated.  

Chapter 3 discusses the work on integrating the IMM machine into the MES 

infrastructure. It refers to the integration of the system with the OPC-UA communication 

protocol. The camera control system installed at the end of the production line is 

explained. The verification of potential short shot quality failure areas compared as a 

result of FEA with the camera control system.   

In Chapter 4, the critical process parameters are collected from the IMM machine 

by data acquisition. The relationship between process parameters and the camera control 

system is statistically modeled via data mining. The predictive quality model is and 

implemented in serial production. It is explained that in-mold sensors are used for 

industrial deployment by increasing the metric performance successes of the model. The 

results of these studies are shown and compared to the current situation with results.  
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In Chapters 5 and 6, suggestions for the further research and discussions are 

presented. 
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CHAPTER 2 

 

MOLD FLOW FEA 

 

This section includes fluid flow approach, assumptions, and mold flow analysis 

for brief short shot quality failure. Mold flow analyses are performed to determine the 

behavior of critical parts within the plastic injection cycle. This analysis simulates a 

plastic injection molding cycle with a specific plastic and analyzes the results. In the 

chapter, firstly, the literature researches about the mold flow physical model are 

explained. The mathematical modeling approaches are introduced by Zhou , Kumar and, 

Courbebaisse. Then assumptions for the washing machine tub part are explained. The 

finally, Autodesk Moldflow adviser fill and pack analysis results are shared. 

2.1 Fluid Flow Governing Equations 

The mass conservation equation, momentum conservation equation, and energy 

conservation equation are the governing equations for plastic injection melted flow. The 

standard governing equations can be made more widely used by using these three 

equations, which have the same structure. These numbers, which govern the flow of 

compressive fluids, are shown to function in the polymer melting phase and are calculated 

using density, momentum, and energy conservation principles. [5] 

The equations of governing the behavior of a fluid motion are explained by Zhou 

[5]. The finally which are the continuity, momentum, and energy general equations shown 

as: 
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𝜕𝜌

𝜕𝑡
+ 𝛻. (𝜌𝑢) = 0 (1)  

𝜕(𝜌𝑢)

𝜕𝑡
+ 𝛻. (𝜌𝑢𝑢) = 𝛻. (𝜎) + 𝜌𝑓 (2)  

𝜌𝑐
𝜕𝑇

𝜕𝑡
+ 𝑐𝛻. (𝜌𝑇𝑢)

= 𝛻. (𝑘. 𝛻𝑇) + 𝜏𝑥𝑥
𝜕𝑢

𝜕𝑥
+ 𝜏𝑦𝑥

𝜕𝑢

𝜕𝑦
+ 𝜏𝑧𝑥

𝜕𝑢

𝜕𝑧
+ 𝜏𝑥𝑦

𝜕𝜈

𝜕𝑥
+ 𝜏𝑦𝑦

𝜕𝜈

𝜕𝑦

+ 𝜏𝑧𝑦
𝜕𝜈

𝜕𝑧
+ 𝜏𝑧𝑥

𝜕𝜔

𝜕𝑥
+ 𝜏𝑧𝑦

𝜕𝜔

𝜕𝑦
+ 𝜏𝑧𝑧

𝜕𝜔

𝜕𝑧
+ 𝑆𝑖 

(3)  

 

It is not feasible to resolve industrial numerical techniques software in 

complicated domains like injection mold cavities with equations approach. 

2.1.1 Hele-Shaw Model 

The filling, packaging, and cooling are the three main phases in the injection 

process. The polymer melt is injected into a cold freezing hole in the filling process, where 

it expands under high pressure and fills the mold. High pressure is retained after the mold 

is filled in the packing point, and additional melt flows into the cavity to compensate for 

density changes during cooling. The melt is then cooled, and the formed product is ejected 

in the final stage. [6] 

Several assumptions are made to make material data requirements more 

reasonable. The Hele-Shaw model is the most commonly used model for plastic injection 

manufacturing simulation. It is applicable to flows in the narrow gap. Conventionally, 

most plastic products have thin shell structures. As a result, the filling flow in a very thin 

cavity can be approximated by Hele-Shaw flows: 
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Figure 2: A schematic diagram of a typical flow described by the Hele-Shaw model  

(Source: Zhou[5]) 

The following assumptions guide this method's approximation approach: 

1. Consider melting flow in an incompressible fluid's filling phase newtonian fluid. The 

pressure follows an uniform approach, and the momentum in depth can be ignored. 

2. Neglect the inertial force, which is much less than the viscous shear stress due to the 

high viscosity of the fluid. 

3. Heat convection in the width direction is ignored. 

4. Neglect heat conduction because heat convection is a slightly more significant issue. 

5. Inability to recognize turbulence in the melting plastic flow rate.  

6. To neglect width direction on simulation. 

The Hele-Shaw (Shell model) is an ideal approach to simulate this kind of tub part in 

IMM. 

2.1.2 Filling Phase Assumption 

The melt can be incompressible during the filling process. This assumption 

concerning of the this approach included the constant density and the surface dilation 

viscosity λ=0. 
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𝛻. 𝑢 = 0 (4)  

The melt can reflect a Generalized Newtonian Fluid during the filling process. 

Under this assumption, viscoelastic effects can be ignored. The fundamental 

interaction can be used for generalized newtonian fluid viscosity models. 

𝜕(𝜌𝑢)

𝜕𝑡
+ 𝜌(𝑢. 𝛻𝑢) = −𝛻𝜌 + 𝛻𝜂(𝛻𝑢 + 𝛻𝑢𝑇) + 𝜌𝑓 (5)  

In the IMM filling phase, the plastic melt's thermal conductivity is assumed to 

be constant. Despite the fact that the thermal conductivity k of polymers is 

temperature dependent, this assertion is used due to the difficulties in collecting 

material details. 

𝜕(𝜌𝑖)

𝜕𝑡
+ 𝛻. (𝜌𝑖𝑢) = 𝑘𝛻2𝑇 + 𝛷 + 𝑆𝑖 (6)  

2.2 Moldflow Analysis 

Moldflow plastic insight (MPI) is a software program that allows you to 

analyze plastic parts and molds. The aim of using such an inspection software is to 

predict potential surface defects in order to produce a high-quality product. MPI 

Software simulates the mold in the manufacturing process to determine mold design 

and parameter settings. This type of advancement will greatly boost injection mold 

design performance while lowering production costs. [8] The analysis process is 

shown in Fig 3. 
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Figure 3: The rheological analysis process 

2.2.1 Autodesk Moldflow Analysis Pre-Process 

The assumption that the mesh components are uniform, equilateral tetras 

underpins the mathematical study of a model. Mesh tetras thus vary from the same 

volume of tetra to distortion that has a detrimental impact on the data. As a result, it's 

important to cut down on the number of twisted tetras as much as possible. 

The most common method for calculating mesh efficiency is the Aspect Ratio. 

Low aspect ratio elements are needed in mesh-sensitive areas such as gates and major 

geometry adjustments. The optimal tetra with similar edge lengths has an aspect ratio 

of 1 according to the FEA program. The rate of a flat tetra is infinite. The objective 

is to keep the overall aspect ratio below 30. For such applications, a maximum aspect 

ratio of 50 is recommended. 
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Figure 4: Mesh Structure 

During pre-processing, the aspect ratio is tested on a regular basis. The only 

way to control tetrahedral mesh systems is to intervene in key design areas. 

Throughout the process, the smooth mesh feature turned on. Surface aspect ratio:    

Maximum =     14.79   average =      2.78 

Table 1:Technical Specification 

 

2.2.2 Autodesk Moldflow Analysis Post-Process 

Autodesk Moldflow's fill and pack analysis examines the polymer flow within 

the mold during the filling and packing processes. These studies are used to see if a 

Maximum pressure:                   180 MPa 

Screw intensification ratio: 10 - 

Machine maximum clamp force: 7000 Ton 

Mold temperature: 20 C 

Transition temperature: 116 C 

Melt temperature: 220 C 

Trade Name: Polyarr - 

Family Name: PP - 
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cavity is filled up. The pack analysis starts after the fill analysis. To predict polymer 

reaction, the pack analysis uses several properties calculated during the filling 

process. Figure 4 shows the contour colors reflecting the movement of plastic through 

the component based on the filling time effect. The same color covers all of the 

regions at the same time. The outcome is dark blue at the beginning of the injection 

and red in the final regions. The unfilled portion of a short shot has no colour. A 

potential short shot consistency loss due to process instability can be seen in red in 

the filling areas. 

 

Figure 4: Fill Time Result 

The V/P switch-over determines the proportion of the total volume where the 

injection molding machine (IMM) switches from filling to packaging. Determines 

whether the process control logic is velocity-driven (fill) and pressure-driven (pack). 

As a result, places that aren't filled within the V/P transformation are grayed out. 

Figure 5 represents the pressure value at the V/P switchover stage. 
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Figure 5: Pressure at V/P switchover 

The temperature in the previous flow effect, which are produced by the filling 

measurement, refers to the temperature of the polymer when the flow front reaches 

the stated position within the plastic cross's center. The temperature at the flow front 

result uses a range of colors to point from the lowest temperature in blue to the highest 

temperature in red, as seen in the diagram below. The colors reflect the temperature 

of the material at each point. The temperature of the flow front varies during filling, 

as seen in the result. More significant temperature variations sometimes mean that 

the injection period is simply too short or that there are areas of hesitation. If the flow 

front temperature is too low in a particular region, uncertainty can vanish in an 

instant. Surface defects may be caused by a sudden change in pre-flow temperature. 

Figure 6 shows the sections of which special attention should be given in blue to the 

color contours. The local temperature deteriorates, potentially resulting in poor short-

shot areas. 
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Figure 6: Temperature at the flow front 

A filling analysis result reveals polymer melt behaviour in the pressure 

distribution at the tip of the filling step. The pressure in the mold at the start of filling 

is 1 atm on the absolute pressure scale. Only when the melt front approaches a certain 

location does the pressure at that location begin to increase. The force driving the 

polymer dissolves the flow during filling due to the change in friction from one stage 

to another. The pressure differential is the difference in pressure between two points 

separated by the distance between them. Polymer always moves in the negative 

pressure gradient direction, from high to low pressure. 

As a result, at the filling point, the highest pressure occurs at the polymer 

injection positions and the lowest pressure occurs at the melt front, as seen in Figure 

7. The large differences in pressure distribution, as shown by neighboring lines, can 

be avoided during the filling process. Variations in pressure during packaging have 

an effect on volumetric shrinkage. Also at the packaging period, pressure variations 

inside the cavity should be kept to a minimum. 
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Figure 7: Pressure at end of fill 

2.3 Comparison of Moldflow Analysis with Actual Production Results 

The improvements are made to avoid potential errors partly design via mold 

flow analysis results. However, despite these improvements, the short shot problem 

has been observed due to the process variability. 

 

Figure 8: Short Shot Quality Failure in Production 
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Moldflow research reveals potential short-shot quality defect areas that 

coincide with manufacturing defects. Taking into account on the process change, the 

error seen in Figure 8 happens. As a result, experiments of process parameters are 

conducted, but no definitive optimization has been achieved. Output has been 

programmed with process parameters in order to solve this mistake. However, no 

transparent solution has been discovered. Using the plastic injection production's 

experience, the typical loss is attempted to be avoided. Inexperienced technicians, on 

the other hand, are more likely to make short shot mistakes in serial processing. 

2.4 Summary 

Moldflow research reveals potential short-shot quality defect areas that 

coincide with manufacturing defects. Taking into account on the process change, the 

error seen in Figure 8 happens. As a result, experiments of process parameters are 

conducted, but no definitive optimization has been achieved. Output has been 

programmed with process parameters in order to solve this mistake. However, no 

transparent solution has been discovered. Using the plastic injection production's 

experience, the typical loss is attempted to be avoided. Inexperienced technicians, on 

the other hand, are more likely to make short shot mistakes in serial processing. 

In this section, the injection machine molding (IMM) mold flow melt plastic 

flow model utilized in this study is explained very well. The governing equations for 

plastic injection melted flow have clarified the mass conservation equation, 

momentum conservation equation, and energy conservation equation. From these 

equations, the Hele-Shaw model is formed with its assumptions concerning the 

literature review. Then, the flow is calculated with this solution model using FEA 
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software. Autodesk Moldflow, which is employed industrially, is chosen for this 

application.  

As a results of the analysis, potential short shot quality failure regions are 

extracted. The study is verified by comparing them with the failure zones observed 

in serial production trials. This study aims to detect the error with cameras installed 

in potential areas when the standard failure occurs counting on process variability. 
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CHAPTER 3 

 

DATA INFASTRUCTURE 

 

In this section, the concept of the digital twin introduces by Jones, Lothander, 

Zhuang. Within the scope of data acquisition, the OPC-UA communication protocol is 

mentioned. It investigated whether MES integrated into the IMM machine. How to 

establish a technical architecture for data-driven models introduces by Teng and Gray. In 

the previous section, potential short shot quality defect areas determined by mold flow 

analysis are tried to be controlled by camera setup. With Popp, Heleno, Mohan, and 

Amza, it is determined how a system infrastructure is created. The processing of the 

logged photos with image processing and their commissioning in production are 

explained. 

3.1 Data Acquisition 

The first step is to create the virtual representation of physics of the IMM process; 

in other words, the digital twin. Consisting of a physical product, its virtual model, and 

the bi-directional data connections, a digital twin, is a tool for enhancing physical entities' 

performance by leveraging computational techniques. [9] Digital twins also align with 

the product life-cycle. [10] By virtual-to-physical information flow, a digital twin 

contains the functionality to physically realize a change in the physical state as practiced 

in process control [11], machine parameters [12], and production management. [13] 

Gartner estimates that by 2021, half of all large industrial enterprises will use a digital 

twin, and those users will become 10% more effective [14]. 
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Developing a digital twin by simulating injection machinery molding (IMM) 

physics requires experience in the plastic injection process and complex simulation 

expertise. To understand the complex behavior of a production process to improve quality 

and estimate the material volume needed for process modeling. The project has consulted 

with experienced operators and production engineers and analyzed how operators control 

the process and how operators overcome the quality problems. This way, it could maintain 

user involvement and sustain the continuous information flow from the real environment.  

3.1.1 Communication Protocol 

OPC Unified Architecture (OPC UA) is an industry communication platform that 

is interactive. The OPC Foundation designed the platform. The service-oriented 

architecture is included in the OPC UA (SOA). [15] OPC Basic Services is a system that 

does not depend on the protocol to operate. [16] 

 

Figure 9: OPC Server Architecture (Source OPC UA 2019) 

The system's communication form is the OPC Server. It is software that 

implements the OPC specification to have standardized interfaces. OPC makes use of a 

special collaboration protocol. The structure of OPC Servers can be conveniently 
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programmed, and they are controlled in various areas. Industrial automation is developed 

as an interface that provide standard read and write access when conventional OPC 

standards are first developed. 

EUROMAP 77 establishes a connection between injection molding machines 

(IMMs) and production management information systems (MES). MES stores data 

generated by IMM on central servers to make factory management easier. It provides an 

interface for IMM and MES of various machine manufacturers when used in connection 

with EUROMAP 77. 

3.1.2 Technical Architecture 

The sensor, experimental measurements, and domain expertise techniques are the 

most popular models used in industry. [17] Furthermore, the real problem of Industry 4.0 

is ensuring that the technology is well set up and that the system continues to operate in 

a sustainable manner. One of the most pressing issues is data consistency. [18] 

 

Figure 10: Technical Architecture Diagram 
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The OPC Server collects machine parameters using the OPC UA protocol and the 

IMM EUROMAP 77 interface. The short shot mistake is photographed using the camera 

quality management device that will be mounted at the end of the line. It is given in order 

for quality information to be logged to the OPC Server. With MES, this labelled output 

data is saved to ODS DB. The data is analyzed by the creator as they create a web service. 

The consistency prediction models have been checked to run on IMM SCADA. The 

consistency predictive model will be possible in the future AWS depending on 

infrastructure improvements. 

3.1.2 Web Service Creation 

A web server is a collection of protocols and standards for exchanging data 

between programs or systems. Web platforms can also be used for programs written 

in various programming languages to share data over computer networks such as 

the internet. The web services are created to access ODS DB. It can be accessed on 

the ME/MII server. 

 

Figure 11: Response from Server to Client 
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3.2 Quality Control System 

In the previous section, the critical regions for short shot quality failure are 

determined by mold flow analysis. The results of these analyzes have been verified by 

comparing them with the quality failure in serial production. 

 

Figure 12: Short shot quality failure areas 

The tub part of the washing machine is an important component in the product 

group, which includes the main features. Therefore, this error needs to be controlled in 

production. In the current situation, an operator's visual control is made at the end of the 

line. Depending on the operator's experience, if the error can be caught early, the machine 

can be intervened to prevent the error before it reaches a critical size. However, since the 

control system contains human factors, errors may occur serially in production depending 

on the operator's experience. In this case, the products are reworked. Firstly, it is 

considered to establish a quality control system to detect this error automatically. 

3.2.1 Commissioning of the Quality Control System Equipment 

In the industrial sector, quality management refers to the process of defining 

output requirements under optimal conditions and maintaining supply continuity. The 

quality management infrastructure must be in good shape for the manufacturing 
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conditions to continue to run smoothly. Computer vision technologies are indispensable 

components of manufacturing processes due to their advantages and scalable structure in 

quality management. [19] In industrial manufacturing, vision systems play an important 

role in quality management systems. Such devices can now be installed easily, and 

research methods can be carried out at a low cost. [20] 

 

Figure 13: System Configuration Diagram (Source:Keyence) 

In this application, a camera, lighting and image processing unit from the Keyence 

VJ series is selected. The system could set the shutter time and lighting control for the 

camera automatically. The image processing unit is device stack compliant. The VJ 

series can be applied to an existing system without requiring any changes to the 

infrastructure. The image processing unit is where the work is performed, and it can be 

programmed using OpenCV. 

https://www.keyence.com/products/vision/vision-sys/vj/models/
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Figure 14: Quality Control System Cabinet 

The light intensity that can come from various light sources in the outdoor 

atmosphere can decrease the precision of image processing algorithms. In this case, the 

cabinet is set up to minimize the difference in exterior light intensity. [21] The  

equipment with a reduced light transmission index protect the quality control process. 

With the aid of Keyence, the light control equipment, image processing unit, cabin 

calculations, and camera positions are determined. 

The object tracking device isn't in use, and it's also necessary to make sure the 

product is still in the same place. In this kind of image processing program, it's crucial. 

[23] [24] Parts must be traceable from the moment they are made in the IMM. Special 

fixtures are created for the portability and traceability of these pieces in this sense. This 

fixtures are used to create production flow and storage. Station-based traceability is 

often controlled by installing RFID devices under these fixtures. Product traceability is 

maintained in this manner. When any quality problem occurs, it can be controlled by 
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direct intervention. These fixtures are assembled on the conveyor and continuously turn 

and come back from the beginning of the line to the end. 

 

Figure 15: RFID Fixture 

When these RFID fixtures enter the cabinet, they are locked by the automatic 

fixation guides on the conveyor. The fixture position is controlled using the switch and 

sensors on the automatic fixing guides. If the position is not correct, feedback data to 

the conveyor motor's drive provides accurate positioning within the cabinet. Unless 

there is approval from the automatic fixing guidance system, the camera control system 

will not work.  

3.2.2 Image Processing for Quality Control System 

OpenCV is a free open-source library that includes a plugin for image 

processing. C/C++ are used to build this program. Effective programs are the product of 

code architecture and working systems. Many high-level programming languages, 

including Python for images, are supported by the library. Scikit-image is a Python 

programming language framework with a necessary and practical solution logic. 
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Standard applications of OpenCV's image processing module are for two dimensional 

images. [25] 

OpenCV is free to use commercially and is open source. OpenCV is a highly 

structured library for real-time applications that works with the Python programming 

language. The image window would not match on the screen if the image volume is 

much bigger than the region to be observed. The entire image is viewed using 

OpenCV's cv2.WINDOW NORMAL approach, and the image can be resized. Figure 

4.8 shows an image that is set to reflect on the piece's possible short shot area. 

 

Figure 16: Potential Short Shot Quality Area 

A grayscale image is used to define edges in this project. Grayscale images can be 

used to identify and recognize traces of contrast or shading in an image, as well as to 

analyze the image's specification. On RGB images with three channels: Red, Green, and 

Blue, grayscale image solutions have two-dimensional channels. A pixel in a grayscale 
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image has less data than a pixel in a color image. In terms of processing, it is very 

convenient. CvtColor is used to transform an RGB image to a grayscale image in this 

project (). 

 

Figure 17: Gray scaling the color image 

The template Matching approach is typically used to spot a template within a 

source image. When it comes to separating objects, the approach isn't very successful. 

The Sliding window algorithm searches the template that was found on the source 

image using the Template Matching method. The template is rotated on all pixels in 

(1,1) coordinates on the source, a similarity ratio is calculated using the similarity form 

the choose, and if the template and the currently rotated template are identical, it returns 

those pixels. In this analysis, template matching is used. For this, OpenCV provides 

cv2.matchTemplate ().  

The method basically focuses on a certain region in the large image and shifts 

the template to that location. The amount of overlap between each pixel in the image 
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and the template is computed. Consequently, there is a similarity between the template 

and the image. 

 

Figure 18: Template, Normal Production. 

The picture on the left is a template, the picture on the right is suitable for 

quality. The template matching similarity score is %95,7. Generally, production is taken 

under these conditions. 

 

Figure 19: Template, Short Shot Quality Failure 
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The picture on the left is a template, the image on the right is short shot quality 

failure. The template matching similarity score is %75,3. In normal conditions, it is not 

acceptable to have an incomplete injection error on the part surface. In this context, the 

threshold is determined as 90% due to the meetings with the quality department. 

3.2.3 Model Result 

An imbalanced dataset is a form of data distribution in which one or more 

classes have the most instances in comparison to other classes. In this case, the 

confusion matrix makes life easier. The confusion matrix efficiency metric for an 

imbalanced dataset is efficient and straightforward. Also, provide detailed details about 

the goal. 

 

Figure 20: Confusion Matrix 

Determining the most suitable performance criterion to use for classifying class 

imbalanced data sets is a significant challenge. This kind of imbalance dataset can 

benefit from the Matthews Correlation Coefficient. This method produces a comparable 
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outcome. [26] The researchers are looking for a variety of statistical findings to use in 

assessing binary classification accuracy. One of the most often used outcome metrics in 

the binary classification methodology is the F1 score and uncertainty matrix. When 

evaluating imbalance datasets, these predictive outcome indicators can be risky. [27] 

An alternative solution strategy is to use an alternative Matthews correlation coefficient 

that is unaffected by imbalanced datasets. This method is described in detail below 

which form can also be help. 

Depending on if M is used, the MCC looks like this: 

𝑀 = (
𝑇𝑃 𝐹𝑁
𝐹𝑃 𝑇𝑁

) (7)  

𝑀𝐶𝐶 =
𝑇𝑃𝑥𝑇𝑁−𝐹𝑃𝑥𝐹𝑁

√(𝑇𝑃+𝐹𝑃)×(𝑇𝑃+𝐹𝑁)×(𝑇𝑁+𝐹𝑃)×(𝑇𝑁+𝐹𝑁)
  (8)  

(worst value: –1; best value: +1) 

If MCC can correctly estimate the vast majority of positive and negative data 

samples in an imbalance dataset, it can receive a high score. It produces results in the 

range [-1, + 1]. MCC +1 denotes a perfect outcome. It will generate a total of 0 random 

responses. The inverse predictor is shown by -1. According to this approach, MCC 

value is calculated as +0.54. [27] 

3.3 Summary 

The IMM machine data infrastructure is completed with the OPC-UA 

communication protocol and MES infrastructure. The camera control system is 

activated taking into account the light intensity, exposure settings and part position. 

The image processing model success metric is evaluated. In studies with weekly 

controls, it is seen that the Matthews correlation coefficient is higher than +0.5 and 
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the model recall value is higher than 80%. With the establishment of the camera 

control station, short shot quality defect decreases from 3.7% to 2.45%. 
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CHAPTER 4 

 

DIGITAL TRANSFORMATION 

 

In this section, the concept of digital transformation is introduced in Industry 4.0 

by Kotarba, Schallmo, Demartini, Weiblen, and He. The studies on the visualization of 

IMM parameters transferred to MES within the logging and digital twin scope are 

explained. Studies conducted within the scope of modeling short shot quality error with 

ML are mentioned (Fabian, Krawczyk). In these studies, the CRISP-DM approach is 

followed for the industry mentioned by Huber. It is stated how the developed model is 

applied in the field and how to create a strategy for deployment. 

4.1 Virtual Presentation of the Process 

The concept of "digital transformation" has recently become a hot topic in the 

manufacturing industry with the advent of Industry 4.0. In this context, digitalization 

means the adaptation of new business models, inviting technological progress, and 

calling for innovations for the manufacturing environment. Digitalization also 

enables manufacturing firms to rapidly adapt to changing circumstances [28] and 

transform manufacturing companies' processes and business models by allowing new 

product and service offerings while requiring new business partnerships [29]. This 

perspective challenged the traditional approaches to efficiency improvement. It 

forced manufacturing companies to build external collaborations with technology 

developer companies and startups to adopt new digital technologies that they are not 

yet competent.  
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Moreover, with a rapidly increasing need for sustainability performance, 

production process efficiency and low raw material consumption become the primary 

concerns for manufacturing companies. In this context, digital technologies' adoption 

gains importance since they deliver benefits for improving sustainability performance 

by optimizing the material and energy consumption and hence providing resource 

efficiency [30]. In particular, digital twin applications also enable sustainable, 

intelligent manufacturing. [31] 

On the other hand, contemporary approaches such as open innovation, design 

thinking, and agile project or partner management also act as drivers and enablers of 

successful digital technology adoption by enabling companies to move beyond their 

digital capabilities and overcome rigid organizational limitations practices not-

invented-here syndrome. 

Though large manufacturers have advanced resource bases, they still need to 

expand their digital capabilities with entrepreneurial talent. On the other hand, 

startups can offer digital capabilities and assume a consultative role in guiding and 

mobilizing large companies [32]. They also have an essential edge over big firms in 

terms of agility. Hence, both sides try new ways to collaborate more effectively 

through agile practices [33]. 

4.1.1 Digital Twin 

Developing a digital twin by simulating injection machinery molding (IMM) 

physics requires experience in the plastic injection process and complex simulation 

expertise. The team needs to understand the complex behavior of a production 

process to improve quality and estimate the material volume needed for process 

modeling. The project team has consulted with experienced operators and production 
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engineers and analyzed how operators control the process and how operators 

overcome the quality problems. In this way, the team could maintain user 

involvement and sustain the continuous information flow from the real environment.  

4.1.2 Visualization of Process Parameters 

IMM machine manufacturer company which is Chen Hsong interviewed 

within the scope of data acquisition of process parameters. In this context, the 

manufacturer makes the process parameters accessible for data acquisition. 

Currently, these process parameters can be accessed from operator control SCADA 

PCs. However, the aim here is to ensure that the experienced operator management 

team can access these data in real-time and to prevent errors due to incorrect operator 

parameters. In each product cycle, these parameters are refreshed in real-time and 

logging in the ODS DB. 

The data that could reach in the plastic injection process is evaluated by 

examining the sources. While these data are sufficient for us in the industry approach, 

the current parameter approach limited us in the Industry 4.0 concept from which the 

technology came. [34], [35] 

To divide the IMM process into three main stages by examining the sources. 

These are the Injection Unit, Molding Unit, and Clampint Unit. We determined the 

parameters related to these sections and evaluated the short shot quality error aspects. 

[36] 

The approach methods and their results to solve short shot quality error with 

different ways are evaluated. And finally, met with Chen Hsong company in this 

context and determined the following parameter blocks with the machine 

manufacturer. 
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Figure 21: Injection Section Parameter 

Process Parameters: Value: Unit: Section:

Decompress time 0.19 sec INJ

Ejector backward time 0.84 sec INJ

Ejector forward time 1.03 sec INJ

Cycle time 88.2 sec INJ

Injection end position 32.3 mm INJ

Injection position 1 1 mm INJ

Injection position 2 90 mm INJ

Injection position 3 140 mm INJ

Injection position 4 190 mm INJ

Injection position 5 250 mm INJ

Injection position 6 315 mm INJ

Injection position 7 380 mm INJ

Injection position 8 420 mm INJ

Injection position 9 470 mm INJ

Injection position 10 480 mm INJ

Injection pressure 1 0 bar INJ

Injection pressure 2 60 bar INJ

Injection pressure 3 95 bar INJ

Injection pressure 4 110 bar INJ

Injection pressure 5 140 bar INJ

Injection pressure 6 150 bar INJ

Injection pressure 7 150 bar INJ

Injection pressure 8 150 bar INJ

Injection pressure 9 150 bar INJ

Injection pressure 10 150 bar INJ

Injection Speed 58 mm/s INJ

Injection switchover position 109 mm INJ

Injection time 10.7 sec INJ

Injection velocity 1 0 mm/s INJ

Injection velocity 2 7 mm/s INJ

Injection velocity 3 16 mm/s INJ

Injection velocity 4 23 mm/s INJ

Injection velocity 5 29 mm/s INJ

Injection velocity 6 38 mm/s INJ

Injection velocity 7 47 mm/s INJ

Injection velocity 8 52 mm/s INJ

Injection velocity 9 55 mm/s INJ

Injection velocity 10 58 mm/s INJ

Max injction speed 63 mm/s INJ

Max open position 1753 mm INJ

Plastizing volume 517 gr INJ

Shot Volume 503 gr INJ
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Figure 22: Molding Section Parameter 

Process Parameters: Value: Unit: Section:

Cooling temperature 34.9 °C MOLD

Cooling time 47.3 sec MOLD

HotRunner Zone 1 temperature 249 °C MOLD

HotRunner Zone 2 temperature 244 °C MOLD

HotRunner Zone 3 temperature 251 °C MOLD

HotRunner Zone 4 temperature 246 °C MOLD

HotRunner Zone 5 temperature 250 °C MOLD

HotRunner Zone 6 temperature 245 °C MOLD

HotRunner Zone 7 temperature 241 °C MOLD

HotRunner Zone 8 temperature 244 °C MOLD

HotRunner Zone 9 temperature 247 °C MOLD

HotRunner Zone 10 temperature 242 °C MOLD

HotRunner Zone 11 temperature 243 °C MOLD

HotRunner Zone 12 temperature 239 °C MOLD

HotRunner Zone 13 temperature 241 °C MOLD

HotRunner Zone 14 temperature 240 °C MOLD

HotRunner Zone 15 temperature 244 °C MOLD

HotRunner Zone 16 temperature 247 °C MOLD

HotRunner Zone 17 temperature 251 °C MOLD

HotRunner Zone 18 temperature 250 °C MOLD

HotRunner Zone 19 temperature 248 °C MOLD

HotRunner Zone 20 temperature 246 °C MOLD

HotRunner Zone 21 temperature 248 °C MOLD

HotRunner Zone 22 temperature 247 °C MOLD

HotRunner Zone 23 temperature 238 °C MOLD

HotRunner Zone 24 temperature 246 °C MOLD

Nozzle temperature 251 °C MOLD

Tub_Temperature 58 °C MOLD

Zone 1 temperature 223 °C MOLD

Zone 2 temperature 229 °C MOLD

Zone 3 temperature 224 °C MOLD

Zone 4 temperature 231 °C MOLD

Zone 5 temperature 224 °C MOLD

Zone 6 temperature 228 °C MOLD

Zone 7 temperature 229 °C MOLD

Zone 8 temperature 230 °C MOLD

Zone 9 temperature 228 °C MOLD



39 

 

Figure 23: Clamping Section Parameter 

An operator dashboard is prepared for the traceability of the IMM machine with 

the collected data. This dashboard can be followed from mobile, tablet, and PCs within 

the network. In the first place, the infrastructure is provided with the dashboard so that 

the production team and the management team can monitor the production. 

 

Figure 24: Operator Dashboard 

Primarily, it has increased the learning process for the operators with little 

experience. They have improved their ability to control the production line. With this 

dashboard, the short shot quality failure has decreased by 6%. 

Process Parameters: Value: Unit: Section:

Carriage backward time 6.6 sec CLAMP

Carriage forward time 1.5 sec CLAMP

Clamp close time 3.6 sec CLAMP

Clamp force 819 kN CLAMP

Clamp open time 5.36 sec CLAMP

Holding Position 99.7 mm CLAMP

Holding time 6.21 sec CLAMP

Metering time 29.1 sec CLAMP
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4.2 Predictive Short Shot Quality Failure via Data Analytic 

In the context of machine learning, Scikit-learn is one of the most commonly 

used libraries. This library has a wide range of applications, including help vector 

machines, logistic regression, gradient boosting, decision trees, and random forests. 

There are many explanations for the popularity of the scikit-learn package. The first is 

that it contains the majority of the fundamental processes. Second, scikit-learn makes it 

possible to run data analytics programs from beginning to end. Separate modules to fill 

in missing values in the data, select attributes, conduct cross validation, and analyze 

results eliminate the need for another package.  

The positive thing about the scikit-learn program is that it has a straightforward 

API that eliminates the need to memorize different syntaxes with different methods. 

This allows beginners to data analytics to get their hands dirty easily. Using similar 

functions in different stages, such as clustering, regression, decision trees, filling missed 

values, and scaling data, makes the job much easier. The API is not only plain, but it 

also has excellent documentation. While, in terms of efficiency, libraries like lightgbm 

and tensorflow are ahead. [37] 

4.3 Classification in Supervised Machine Learning for Quality 

The CROSS Cross-Industry Standard Processing Process for Data Analysis is 

known as the CRISP-DM model (CRISP-DM). This is a robust data mining method 

model that has been reviewed. Before the business method becomes systematic, CRISP-

DM simply illustrates the procedures and required measures from understanding the 

data to applying the solution. It is the most widely adopted theoretical model, as well as 

an open standard method model that expresses traditional data analysis approaches. [38] 
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Figure 25: The DMME Process (Source: Huber[38]) 

 

4.3.1 Business Understanding 

Our aim here is to introduce a model that will detect short shot quality defect 

errors during production and warn the operator early. The biggest problems encountered 

in production are the inexperienced operators not reading the production and having 

serial errors. Previously, this error could go up to the customer and cause serious 

product accidents. With the camera installed at the end of the line, the image processing 

system warns the operator when it encounters an error to prevent it from going to the 

customer. 

The outcome of models created with classification algorithms, assessing the 

model's performance solely on the basis of accuracy rate can lead to a significant error 

in an imbalance collection of data. Predictive analytics is complicated by imbalance 

classification issues. The majority of classification algorithms are built on the 
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assumption that each class has an equal number of samples. Because the rate of 

observation in each class is disproportionately high in imbalanced groups. [39] 

As a result, models with poor prediction efficiency, especially for the minority 

class, are produced. This is a significant issue for this initiative. Since the minority class 

is usually more relevant. As a result, the minority class is more vulnerable to classified 

mistakes than the dominant class. Many machine learning algorithms can not provide 

accurate results when dealing with imbalanced datasets because they ignore the unequal 

distribution of classrooms. In other words, by categorizing the weighted class and 

attempting to reduce the overall error rate, the received classifiers can skip the minority 

class. [40] 

IMM detects variability in process parameters and sets up an early warning 

system for the operator. Here, the aim is to increase the recall value above 80% in the 

predictive quality model and to calculate the MCC value above +0.50. 

As a result, it is aimed to reduce the short shot quality error by 60% within the 

first 6 months after the model is commissioned. 

4.3.2 Technical Understanding 

It is aimed to log critical production data collected in IMM and label them with 

images in the camera control system. It is created to model the quality output in the 

approach of supervised machine learning algorithms with critical production data 

logged during production. It is aimed to model the quality output by establishing the 

classification technique. 
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The quality model created will be verified in production, and the results will be 

recorded. In this way, ML models' sustainability, which is one of the most critical issues 

in production, will be under control. 

4.3.3 Technical Realization 

As mentioned in 3.1.2 Technical Architecture in the previous section, critical 

process parameters are determined by first meeting with IMM manufacturer Chen 

Hsong. IMM consists of three main parts. These are injection, molding and clamping 

units, respectively. The machine has control units and PLC that control these main units 

and other auxiliary units. These PLCs are controlled by a master Beckhoff PLC. Master 

PLC is directly connected to the SCADA PC. The operator interface screen informs the 

operator on this SCADA PC, and process settings are made on this screen. 

As stated in the previous section 3.2 Quality Control System, the quality control system 

is installed at the end of the line. In this quality control system, the potential short shot 

quality defect regions determined by the mold flow analyzer are photographed with 

Keyence VJ Series cameras. The captured images are processed with image processing 

and recorded. 

Then, the processed data regarding the quality of the product is transferred to the 

SCADA PC with the OPC-UA infrastructure. Thus, the production data is labeled with 

the quality output. These logged data are integrated into the MES system and 

transferred to SAP-PCo, SAP-MII, and SAP-ME, respectively. Here, the SQL database 

with ODS-DB for IMM is saved. With a web service created, an infrastructure has been 

prepared for robotic process automation applications. 

These logged data are accessed via web service, and the data is prepared for the 

machine learning approach in a CPU server located at a separate location. With data 
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preprocessing, the data is made suitable for processing, and the results of ML 

algorithms are evaluated. And as a result, the model is commissioned on the SCADA 

PC, and it informs the operator on the warning screen prepared in the first place. A 

feedback system is then set up in the machine master PLC, which has been proven to be 

successful and commissioned. 

4.3.4 Data Understanding 

During the negotiations with Chen Hsong company, production process 

parameters related to making production adjustments have been determined until this 

time. The manufacturer reports that it can share the setting parameters in the 

conventional production infrastructure. These production parameters have been 

collected in 3 stages, as stated in the previous sections. These are the process parameters 

taken from the injection, molding, and clamping units. 

In the Injection unit, the operator can adjust the Injection Position (Step: 1-10), 

Injection Pressure (Step: 1-10), and Injection Speed (1-10) values as the process set. 

Process times and Plasticizing Volume value are subtracted from mold flow analysis 

made according to the part to be produced. The ideal setting is tried to be found 

depending on the raw material, mold, and environmental conditions in production. 

In the Molding unit, the operator can set the values of Hotrunner Temperatures 

(Section: 1-24), Barrel Temperatures (Section: 1-9) as process settings. The product 

temperature, cooling temperature, and cooling time change according to the behavior of 

the fluid in the mold. Hot runner and Barrel Temperature are extracted according to 

MFI technical specifications of the plastic raw material. According to the mold flow 

analysis and production domain expert information, the behavior of the product in the 
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mold is one of the most critical features for short shot quality defects. Therefore, this 

molding unit is evaluated in detail. 

It can adjust process time values as process setting in the clamping unit. Holding 

position and clamp force change according to the cooling behavior of the fluid in the 

mold. This part is critical for removing the substance from the mold without warping it. 

4.3.5 Data Preparation 

Numpy, pandas, sklearn, os, matplotlib, hyperopt, seaborn, imblearn, 

statsmodels, alert, math, xgboost, and lightgbm are among the Python modules used. To 

call the web server, the data is obtained in JSON format. After calling the web server, a 

script is written to parse the JSON results. 

 

Figure 26: Part of the Parsing JSON Data Code 
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Web service is transformed daily with robotic process automation with a data 

frame, and SQL is saved. The code block has been converted into API, and it has been 

provided to run as a time-adjusted service in the windows operating system. Thus, the 

data frame is created.  

One of most powerful way to begin any classification problem is to use 

Exploratory Data Analysis to analyze the data collection. EDA (Exploratory Data 

Analysis) is a means of evaluating databases in order to summarize main elements, and 

often employs visual tools. The aim here is to generate as much data-related information 

as possible. When the data is examined, it is seen that it is imbalanced. This leaves us 

with something like 30:1 ratio between the good quality and short shot quality failure 

classes. 

 

Figure 26: Imbalanced dataset 

All features are arranged to be logged as float data type. When the dataframe is 

first examined, it is seen that the Injection Pressure (7-9), Hotrunner Temperature (22) 

and Decompress Time features are recorded as objects. These features have been 

converted to float. Then, by describing the data frame, count, mean, standard deviation, 
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min, 25%, 50%, 75%, and max values are examined and data distribution behavior is 

reviewed. 

When examining the data frame features, especially the temperature features 

collected from the mold unit are approached with the following approach. It is checked 

whether the incoming data is null or meaningless data one-time or serially. If there is 

one-time disambiguation, this null data is filled by taking the average of the value in the 

previous row and the value in the next row in the data frame. Because, temperature 

values cannot change dramatically between two cycles. Then the comparison of null and 

non-null is made according to the quality class. One hundred seventeen null rows have 

been detected. It is seen that the number of short shot quality defects in this 117-row 

dataset is 5. 

In other features such as time, velocity, pressure, and displacement, the row has 

been deleted if the data is null. 
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Figure 27: Pearson correlation coefficient 

The Pearson correlation coefficient (PCC) is a mathematical instrument that 

determines how closely two variables are related. It produces a value between +1 and -

1. A positive linear correlation is indicated by a value of 1, no linear correlation is 

indicated by a value of 0, and a negative linear correlation is indicated by a value of -1. 

In this case, association provides a framework for all evidence regarding the size and 

direction of correlations. [40], [41] 
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Figure 28: Feature Extraction from Hotrunner and Barrel Temperature 

 

The feature’s PCC value higher than + 0.9 directly removed. The features of 

Pearson correlation coefficient higher than + 0.5 are Hotrunner Temperatures and Barrel 

Temperatures. The approach of domain expert are extracted instead of these features. In 

this context, instead of these correlated features, the mean, max, min, std, skewness and 

kurtosis values of this data set are extracted. 
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Figure 29: Feature Extraction from Injection Velocity and Injection Pressure 

 

Other features with high PCC values are Injection Pressure and Injection Velocity 

values. Instead of these features, new features are extracted together with the domain 

expert. Explicit integration can be officially translated as a signed regional location on a 

plane tied to a graph of a given task between two points in a real line. Injection Velocity 

(1-10) and Injection Pressure (1-10) data here are considered as a function, and the 

underlying area has been added as a feature. In this context, this ten feature data set has 

been integrated. 

 

Figure 30: Feature Extraction with Domain Expert 

In the fields of image recognition, classification, and compression, PCA is a 

valuable mathematical method. It's a tool whose key goal is to retain a data set with high 

uncertainty and high-quality data while reducing the size of the data set. It allows for 
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the reduction of the number of measurements and compression of data by identifying 

general features of multi-dimensional data.  

PCA may be a very powerful tool for exposing the data's mandatory detail. PCA's basic 

logic is to mean a multidimensional data set with fewer variables by collecting the data's 

important features. [43]  

 

Figure 31: Imbalanced Dataset PCA Components 

Through size reduction, certain characteristics will be lost, but the goal is that 

these lost traits will provide little knowledge about the population. This approach 

incorporates strongly correlated variables to create a smaller number of artificial 

variables known as "principal elements" that make up the majority of the data variance. 

The basic logic of PCA is to highlight multidimensional data with fewer variables by 

collecting the data's fundamental characteristics. [44] The PCA method must call from 

the sklearn library, in order to execute the PCA on the info package. 
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Figure 32: Undersampled Dataset PCA Components 

We can stabilize imbalanced datasets by resampling. The first approach of this is 

by using different methods and groups with the same amount of data to sample data 

from the minority class (Class-1). For instance, Naive Random Resampling (Naive 

Random Over-Sampling) is used to achieve equilibrium by randomly selecting and 

copying existing data from the minority class. In addition, the equilibrium can be 

accomplished with the synthetic data generation using the interpolation process in 

SMOTE (Synthetic Minority Oversampling Technique) and ADASYN (Adaptive 

Synthetic Sampling Method) algorithms. [45], [46] 
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Figure 33: Oversampled SMOTE Dataset PCA Components 

Data tested for a balanced 50:50 distribution in all methods in previous studies. 

The effectiveness of the method is increased by the identification of the best model 

sampling rate. Identify a potential sample ratio list and see the best performing mixture 

based on the average ROC AUC score after cross-validation. These values are chosen 

by random display and after a certain trial and error can be changed by other values. A 

resampled data for any pair of ratios together is then used to train the machine learning 

algorithm until the average ROC AUC score is issued after cross validation. 

 

Figure 34: The mean ROC AUC for every possible pair of ratios combination 

SMOTE oversampling rate:0.3,Random undersampling rate:0.7,Mean ROC AUC: 0.797 

SMOTE oversampling rate:0.3,Random undersampling rate:0.6,Mean ROC AUC: 0.814 

SMOTE oversampling rate:0.3,Random undersampling rate:0.5,Mean ROC AUC: 0.765 

SMOTE oversampling rate:0.4,Random undersampling rate:0.7,Mean ROC AUC: 0.812 

SMOTE oversampling rate:0.4,Random undersampling rate:0.6,Mean ROC AUC: 0.800 

SMOTE oversampling rate:0.4,Random undersampling rate:0.5,Mean ROC AUC: 0.797 

SMOTE oversampling rate:0.5,Random undersampling rate:0.7,Mean ROC AUC: 0.788 

SMOTE oversampling rate:0.5,Random undersampling rate:0.6,Mean ROC AUC: 0.814 

SMOTE oversampling rate:0.5,Random undersampling rate:0.5,Mean ROC AUC: 0.740 
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As seen in the output diagram, the best sample rate in this example was to have a 

sample value of 0.4, followed by an average of less than 0.7 for the best possible mean 

ROC AUC score at 81.2%. As a result, a 3150-row data frame is created. 

The simulation paradigm is challenged by problems of unjust inequality, as most 

machine learning algorithms used for segmentation have been programmed to take the 

same sample number per class, since imbalanced groups have a disproportionate rate of 

detection throughout each class. This results in models with poor prediction 

performance, especially for the minority class. This situation is a major concern for the 

problem. The minority class is traditionally more significant. The concern is also more 

vulnerable than for the main class of classification errors for the minority class. Many 

machine learning algorithms could not be efficient when dealing with imbalance data 

sets, by missing the unequal classroom distribution. In other words, the classificators 

obtained will neglect the minority by classifying the weighted class in an attempt to 

reduce the overall error rate. 

4.3.6 Modeling 

Recursive Feature Elimination (RFE) is just kind of technique deletes the worst 

performing attributes step by step from the entire attribute collection to the better 

attribute subset. [47] This is a kind of tool for selecting reverse features. This method 

determines first all features based on an objective function and subtracts them from the 

feature set with the lowest score, in order to detect the feature subset that optimizes 

classification efficiency. This method goes on until the highest level of achievement is 

achieved. The functioning theory of the RFE algorithm is based on the training method 

with the classified machine learning algorithms, the calculation of attribute weights and 

the reduction of characteristics. [48] 
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Figure 35: Recursive Feature Elimination with Cross-Validation via Random Forest 

 

Figure 36: Number of Features Selected 

In this example, we can see that 11 features were selected, though there doesn’t 

appear to be much improvement in the model's AUC score after around 7 features. The 

feature selection is a critical role in clarifying the outcome of the model performance 

metric. Being able to set up the model simply with fewer features will positively affect 

the test results. 
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Figure 37: Recursive Feature Elimination with Cross-Validation via Decision Tree 

 

Figure 38: Number of Features Selected 

The figure indicates a positive RFECV curve and when information is reached 

the curve leaps to best accuracy and decreases inaccuracies steadily as non-instructive 

characteristics are included in the model. The evaluation and comparison of these 

important functions. 
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Figure 39: Recursive Feature Elimination with Cross-Validation by Gradient Boosting 

 

Figure 40: Number of Features Selected 

With the feature elimination and dimension reduction approach methods, the 87 feature 

data frame is reduced to 13 features.  

These features are Hotrunner_Temp_Max, Zone_Temp_Mean, 

Max_Injection_Pressure, Cooling_Time, Viscosity_M, Injection_Velocity_Integral, 
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Max_Open_Position, Metering_Time, Nozzle_Temp, Hydraulic_Pump_Oil_Temp, 

Plastizing_Volume, and Shot_Volume. 

The imbalanced data sets include training and testing. In order to enhance imbalance 

model performances steps, the data can also be skewed on whole data sets. [39] 

Hyper-parameter tuning with grid and randomized methods is done in the following 

analysis. "RandomizedSearchCV / GridSearchCV." 

 

Figure 41: Decision Tree Model Performance 
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Figure 42: Gradient Boosting Model Performance 

 

Figure 43: Random Forest Model Performance 
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Figure 44: Xgboost Model Performance 

 

Figure 45: Xgboost Feature Importances 



61 

 

Figure 46: Stratified K-Fold cross validation to obtain best model. 

The test and error showed that min child weight contributed the most to 

improving the accuracy of the classifier by adding sklearn wrapper with, or without, the 

best values of other parameters. 

4.3.7 Evaluation 

After the model is created, the API is activated offline so that it does not give 

feedback to the operator. In this process, the results given to the products produced for a 

week are logged. The quality results given by the model as feedback and the actual 

production quality values are compared. 
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Figure 47: Test Result 

According to these results, the AUC score is 92% and the Recall value is 88% in 

the quality predictive model development and initial test stages created from the 

xgboost classifier algorithm. When monitored in 1-week test production, the AUC score 

decreases from 92% to 75%. The recall value decreases from 88% to 78%. A reduction 

is expected during the testing phase. The results are above the initial targeted 70% recall 

and 75% AUC scores. Therefore, 1-month detailed production tracking is performed. 

4.3.8 Technical Implementation 

At this stage, it is aimed to put the model created on the SCDA PC together with 

the success metrics. The PyCharm program is used as the compiler. Libraries required 

in Python programming language are downloaded and prepared beforehand. The model 

is developed in the programming language of Python using joblib. This module is in the 

program sklearn. Built for Scikit-Learn models directly in serialization. It manages 

Numpy wide arrays better than other serialization modules for objects. 

After this step, an API is created. In the program created, the web service 

prepared with RPA using the python programming language is activated on the backend 

side in each product cycle. Thus, raw data is prepared. Then this raw data is converted 
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into the desired feature infrastructure with data frame preprocessing. The cycle is passed 

through the model and the result is logged. These data logged to SQL are designed to 

run as a service code created on the backend side. 

 

Figure 48: Quality Support Dashboard for Operator 

This dashboard is prepared on node-red platform via node.js. On the left side of 

the dashboard interface prepared for the operator, under the heading of daily model 

performance, there are daily model production number, defective production number 

and rework rate. In the right-hand part, the logging of the feedback given during the last 

20 productions is seen. 

On the frontend side, this dashboard uses the node-red platform. IBM open-

source node-red platform that has been developed by node.js. The root-node is an open 

source application; several modules have been created by users. The modules are 

referred to as nodes. The Node-Red program will create basic designs in the drag-and-

drop logic of the ready nodes easily when developing the interface. On the opposite, 

changes can be rendered by node-red with JS codes if more technical design is needed. 
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And non-technicians may incorporate the desired minor improvements in a fast training 

gui. 

4.3.9 Deployment 

The system that gives a potential short shot quality defect warning during 

production and gives feedback to the operator for parameter changes is activated with 

the quality estimation model. 

The model is monitored offline within the first 15 days after commissioning. 

Then, during the deployment phase, the system is monitored in production for about a 

month. During this period, a total of 9938 tub parts are produced. Short shot error is 

detected in 188 of these produced parts. The monthly rework rate is around 1.88%. 

 

Figure 49: Model Performance in Production 

The model is monitored offline within the first 15 days after commissioning. 

Then, during the deployment phase, the system is monitored in production for about a 

month. During this period, a total of 9938 tub parts are produced. Short shot error is 
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detected in 188 of these produced parts. The monthly average rework rate is around 

1.84%. The average rework ratio is recorded as 1.88%, 1.94% and 1.73% respectively. 

4.3.10 Deployment in Industry 

The study has been done to prevent short shot error in a Tub model with a 

problem. During these studies, technical architecture is created by contacting the IMM 

machine manufacturer. Since IMM is in the MES system, it proceeds faster in terms of 

infrastructure. In addition, a camera control system investment is made at the end of the 

line. Cameras control the regions determined in the mold flow analysis. Photographs are 

processed with image processing and recorded in the system. These saved photos are 

matched with process parameters, and machine learning algorithms are run to prevent 

short shot error. The created model is activated in production, and feedback is given to 

the operator. This structure's establishment took eight months with the controls, 

although the system is ready for infrastructure. The system's sustainability has a 

negative impact on just one model due to such a long development time. Therefore, a 

deployment approach is created in production based on the work done. 

 

Figure 50: Techical Architecture of Inmold Sensor 
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As a result of the model created with the short shot, it is seen that the parameters 

collected from the mold unit are important in the feature importance scale. The data 

collected from the machine cannot give a time-series data about the behavior within the 

mold. Therefore, this information can be obtained with sensors to be placed in the mold. 

The information about what type of these sensors will be and where they will be placed 

is taken from mold flow analysis.  

In this context, the flow behavior during injection can be modeled by installing 

pressure and temperature sensors in the determined parts of the mold. In this way, short 

shot quality defect can be prevented by installing sensors in the mold without any 

intervention to the IMM machine in the industry. 

 

Figure 51: Sensor installation 

Industrial research is carried out to disseminate this type of work in the industry. 

As a result of these industrial researches, Priamus company and its products are 

discussed. The cavity pressure sensors are based on the piezoelectric method of 

measurement. In order to ensure a given operating status and reset status, the systems 

are especially suitable for use during the injection molding process.  
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Thermocouple of type N are specially optimized for the temperature sensors. 

The thermocouple is selected since it does not display any permanent temperature shifts 

relative to other thermocouples with accurate advantages without corrosion. Like cavity 

strain, signal lines with secure ground connections and plugs are preferable. 

 

Figure 52: Inmold Pressure and Temperature Data Acquisition 

With rising temperature, the flowability of most fluid plastics decreases. There are 

holes in the liquid, according to the hole principle, and molecules are continuously 

moving into spaces. This act allowed for flow, but it takes a lot of energy, requiring 

energy to move a molecule through orbit.  

The more quickly activated electricity at high temperatures, the more easily fluid 

flows as temperature increases. On the other hand, the viscosity of a liquid increases as 

friction increases and the amount of voids in the liquid decreases under pressures. The 

flow of molecules is also hard to do. 

The data in the mold starts to be collected. The feedback short shot quality system 

is activated by associating the collected pressure and temperature data with IMM 

critical process parameters. Since the system trials are in the first stage, the feedback 
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system is set up as follows in the first place. Pressure and temperature safe ranges in 

critical regions are determined as a result of Moldflow analysis. Then the pressure data 

collected from the mold during production are IMM pressure set values (Step 1:10). 

Temperature data are activated by matching HotRunner Temp (1-24), Barrel Temp (1-

9), and Valve Gate Opening Time. 

 

Figure 53: IMM Inmold Pressure and Temperature Time Series Data 

Because of material fluctuations and different environmental conditions, often bad 

parts are produced at a constant machine setting.  

This system controls the injection molding process fully automatically by adapting 

the machine parameters permanently. Because only this way it is guaranteed that molds 

can be transferred from one location to another. Ultimately, the quality parameters such 

as the compression, viscosity, or the molded part's dimension are controlled directly. 

The precondition is the separate measurement of cavity pressure and cavity temperature 

on the mold. 
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4.4 Summary 

The application steps of the model to be developed are completed with the 

CRISP-DM method. As a result of these steps, the xgboost algorithm is used, which 

gives the best results according to performance metrics. Feature importances are 

removed, and the model is activated in production. The aim here is to understand short 

shot quality defect probability in advance in the production cycle and to tell the operator 

which parameter to change. Production is monitored in detail daily during the 

commissioning phase. In the one-month commissioning period, the short shot quality 

defect rate decreases from 2.45% to 1.73%. Production is monitored for three months, 

and the model is activated as an operator early warning system. 

The development of this type of system takes approximately eight months in 

only one product variant. This situation is not sustainable for the industry. When 

modeling short shot quality defects, it is seen that the parameters in the IMM mold unit 

are particularly effective. However, in classical IMM machine controls, there is no 

system that measures melt plastic behavior. Therefore, it aims to strengthen the model 

with in-mold sensors to popularize this approach in the industry. Critical sensor 

positions are determined by mold flow analysis in production areas where MES 

infrastructure is not ready due to its structure. The safe pressure and temperature range 

required at these sensor positions are determined. According to the data read here, IMM 

feedback is given to the system to produce the ideal range in each cycle during 

production. This work starts in the first stage when the ML model is put into use. In the 

one-month commissioning period, the short shot quality defect rate decreases from 

1.73% to 0.82%. This dramatic reduction results in an overall 80% improvement in 

short shot quality failure. 
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CHAPTER 5 

 

SUGGESTIONS FOR FURTHER RESEARCH 

 

The suggestions for improving the output in this study are as follows:  

• The approach method in the created FEA model via mold flow analysis is Hele-

Shaw. This approach not available for all plastic products due to its suitability for 

thin-walled parts. Therefore, it can be investigated and compared in other 

methods in the literature. A more accurate solution can be provided for potential 

short-shot areas by comparing other methods. 

• The image processing algorithm created in the camera control station is 

established by finding the location of the template image from the large image 

with the template matching method. Performance metrics of the image processing 

algorithm can improve with different approaches in the literature. 

• The data can be collected to include more process parameters from the auxiliary 

equipment in the process. In addition, time-series data such as pressure and 

temperature could not be obtained. New features can be added to improve the 

performance metrics of the predictive quality model developed within the scope 

of data mining. 

• The plastic raw material MFI value could not be evaluated while modeling the 

short shot quality failure. This feature can be logged together with the 

environmental conditions to reveal the effect of raw material variability. It can be 
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used to improve the performance metrics of the predictive quality model 

developed in this context. 

• The different feature reduction techniques and imbalanced dataset approaches can 

be used while developing the predictive model. In addition, various machine 

learning techniques can be evaluated. 

• At the last stage, the feedback system is developed with in-mold sensors. In the 

developed feedback system, the flow in the mold is balanced with specific process 

parameters with a high feature importance factor. It can be used to improve the 

predictive quality model's performance metrics with a full-scale data-mining 

study. 
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CHAPTER 6 

 

DISCUSSIONS AND CONCLUSIONS 

 

The FEA model analyzes the unexpected short shot quality defect seen during 

plastic parts production in injection machinery molding (IMM) via Autodesk 

Moldflow Analysis. The mold flow FEA model is verified in production. Thus the 

areas to be focused on are determined. IMM is integrated into MES and a quality 

control system with cameras installed at the end of the production line. The 

relationship between short shot quality defect and IMM critical process parameters 

extracted with data mining. The model is generated and commissioned in the 

production line. The different approach brought with in-mold sensors since 

integrating each line into MES and installing a camera measurement system can 

adversely affect industrial deployment sustainability. In each work step, the short shot 

quality defect is measured and recorded. The aim is to produce the system in the ideal 

range in each cycle by giving feedback to the IMM according to the in-mold sensors' 

data during production. In each work step, the short shot quality defect is measured 

and recorded. The main aim of this thesis is to avoid short-shot quality failure in 

plastic part production. The short-shot quality defect has not been completely 

eliminated in this study. However, it has decreased from 3.7% error rates to 0.82%. 

This dramatic reduction results in an overall 80% improvement in short shot quality 

failure. Conclusions and the contributions of the thesis are as following: 

• It has been shown that FEA model using by Autodesk Molflow Analysis software 

can estimate the possible short shot quality defect area in the plastic part 

production. 
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• The short-shot quality defect failure decreased from 3.7% to 2.45% with a camera 

control measurement system installed at the end of the production line. In the 

scope of avoiding short-shot error, 32% improvement is achieved in terms of 

quality. 

• The traceability function gained via RFID sensors placed on the pallets of the 

plastic parts. It has added value in terms of traceability in the supply chain process 

leading up to the customer. 

• The developed models can be run on the SCADA PC of the machines in 

production. Thus, it can eliminate massive investment within the scope of 

digitalization. 

• The short shot quality defect decreased from 2.45% to 2.32% with the dashboard 

of the process parameters prepared for the production team. It speeds up the 

process of gaining experience for operators by remote monitoring. 

• The development of such a system takes about eight months in only one product 

variant of Tub part. This situation is not sustainable for the industry. When 

modeling short shot quality defects, the parameters in the IMM mold unit appear 

to be useful. However, there is no system that measures the melt plastic behavior 

in conventional IMM machine controls. For this reason, it has been considered to 

increase the applicability of the model with in-mold sensors in order for this 

approach to deployment in the sector. In production areas where MES 

infrastructure is not ready due to its structure, critical sensor positions are 

determined by mold flow analysis. The safe working range of the Pressure / 

Temperature sensors is clarified with the FEA model by using mold flow analysis. 

The in-mold sensors give feedback to IMM to realize the ideal range in every 
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cycle during production. The short shot quality defect decreased from 1.73% to 

0.82% by applying this approach. This dramatic reduction results in an overall 

80% (%3.7:%0.82) improvement in short-shot quality failure. 
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