
ABSTRACT 

HO, YI-MO. Assessment of Performance and Parameters in Glass Welding using Lasers. (Under 

the direction of Dr. Yuan-Shin Lee). 

 

This study presented the process on glass welding using lasers with developing analytical 

process for the performance evaluation. The focuses of this study were making successful welding 

process by using experience from researchers and the suitable analytical process. Based on the 

practical data ranges from hundreds of trails in the lab, we investigated the feasibility of several 

analytical processes including the descriptive statistics, regression model, analysis of variance, 

logistic regression, neural network, etc. After the data analysis, the estimation of the parameters 

and the predictive results of the welding work can be demonstrated. 

About the data in this study, the manufacturing process data from the experiments of glass 

machining was collected and analyzed. Experiments were set up at a professional lab and the data 

was cleansing and presented in the study. Besides glass-to-glass welding, we also analyzed data 

from a study of glass-to-aluminum welding for expanding our understanding of glass welding 

using lasers.  

In this study, practical ranges of parameters were discovered by hundreds of trials and 

experience. As a result, successful experiment of glass-to-glass welding using USP lasers with the 

sufficient bonding strength can be completed. Moreover, to the best of our knowledge, none of the 

similar work provided experiments and statistical models at the same time for predicting USP glass 

welding results using larger size of samples. In this study, the models with average accuracies 

between 88% to 97% could be applied for reducing the defects and cost for future works. 

Furthermore, to the best our knowledge, the glass-to-aluminum welding in this study could be one 

of the first studies to complete the experiment using cost-effective ns laser system with robust 

bonding strength.  



By looking into different properties, scenarios, and insights of the experiments with the 

results of analysis, it is expected that this study should contribute to better performance and 

effectiveness in glass welding using lasers.  
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CHAPTER 1  

INTRODUCTION 

 

With the development of transportation and material science, the technology of welding in the 

manufacturing for aircraft and vehicles has become noteworthy. Recently, more and more 

spaceports are built in U.S. and Japan. In the future, the space adventure could become popular 

activities for space experts and travelers. As a results, the materials’ development related to glass 

and metal welding for structure of aircraft, vehicles, and space stations will be more crucial for 

researchers. In recent years, NASA has also investigated glass-to-glass and glass-to-metal welding 

using lasers for spaceflight applications [38]. In addition to the transportation systems, the 

materials for manufacturing smart devices have also changed. Recently, brands such as Apple, 

Samsung, and ASUS have used more glass in their products [21]. In November 2021, Apple Inc. 

patented a new idea of an all-glass phone [2]. In this new structure, the phone has six displays’ 

area and fully encased in glass [2]. The different types of glass could be applied in a device and 

the components made by metals should be sticked on the glass in a device encased in glass. In the 

relevant manufacturing process, glass welding could be an essential technology.  

Among many methods for machining, laser has become one of the most important tools 

for materials’ machining in the past decade. Many works in manufacturing have been completed 

by different types of lasers. For example, laser has been applied in the welding between metals for 

aircraft and other equipment. Laser cutting has been widely applied in industries as well. With the 

increasing demand of glass in industries, laser machining for glass will possibly become 

fundamental knowledge in the manufacturing of aircraft, space stations, and smart devices. The 
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findings and experience of the laser machining from this study can expanding the knowledge in 

the related research fields.  

Although the demand has increased, glass welding is still a conundrum in the work of 

welding [1]. Since glass is fragile and makes the cracks to present easily during the process of 

machining, in recent years, the lasers have become one of the promising tools for glass welding 

due to some special properties. In a variety of laser systems, ultra-short pulsed (USP) lasers have 

become a useful tool [9]. USP lasers provide many advantages for glass machining. Firstly, from 

previous studies, crack-free with great mechanical strength can be possible to achieve in the works 

of glass welding. Secondly, normally no fume emission in the process of welding [1]. Thirdly, the 

condition of optical contact is not necessary by USP in glass welding. In previous studies, some 

works has been completed without optical contact. Furthermore, if we can adjust the parameters 

in the systems appropriately, the working time of the machining process can be reduced [35].  

In previous studies, Tamaki et al. (2005) and Miyamoto et al. (2007) can be seen as some 

of the earliest reports in glass-to-glass welding using USP lasers [9][10]. In their experiments, the 

glass-to-glass welding can be completed efficiently under the suitable conditions. In the past 

decade, more experiments have been completed under different conditions. For example, there are 

some research articles focus on the glass-to-glass welding without the condition of optical contact 

[18][25][30][35]. Welding without optical contact can make the experiment much easier but will 

usually make more defects in the welding process. Although there are many great properties of 

laser machining, there is still a lack of studies providing comprehensive discussion about the glass 

welding using lasers.  

In the past decade, due to the progress of technology, more useful analytical methods 

have been developed using modern computation systems. Furthermore, because of the advanced 
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computing systems, data analysis has been widely applied in many different fields. In data analysis, 

Statistics and Machine Learning (ML) have both become crucial knowledge for researchers. Bzdok 

et al. (2018) explained that Statistics requires us to choose a model that incorporates our knowledge 

of the system, and ML requires us to choose a predictive algorithm by relying on its empirical 

capabilities [1]. Jiang et al. (2016) illustrated that the statistical models have good theoretical 

interpretability and machine learning models are more flexible with no or little prior assumptions 

for input variables. Besides, machine learning models are more capable of processing outliers, 

missing and noisy data [4]. In a study of landslide susceptibility prediction, Huang et al. (2020) 

inferred that the machine learning models have higher prediction performance than general 

statistical and heuristic models due to their high receiver operating characteristic curve accuracy 

and reasonable landslide susceptibility indexes distribution features, while the general statistical 

model is limited by its linear analysis and heuristic model is limited by subjective weighting 

process [5]. From the literature, there are always some pros and cons of using statistical and ML 

models in data analysis process.  

In summary, this study aims to discover the important variables in research topics of laser 

glass welding. Different datasets should match a variety of research methods and workflows for 

fulfilling specific research objectives. For example, when we analyze data from machines, the 

desired outcomes may usually focus on enhancing the accuracy for successfully experiments. ML 

models can usually provide great accuracy in the prediction tasks. However, if we would like to 

detect the impact of the parameters on the performance of the welding results, statistical models 

can usually provide more clues for understanding the relationships among the parameters in the 

analytical system.  
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The elements of data analysis usually include descriptive statistics, variables’ importance 

and interactions, and predictions. Descriptive statistics includes the definitions of variables, 

correlations, data plots and trends, and data cleaning process, outlier detections. Variables’ 

importance and interactions can often be completed by using linear regression, analysis of variance, 

time series analysis, logistic regression, design of experiments, etc. For the purpose of prediction, 

the models usually link to artificial neural networks, decision trees, and other machine learning 

methods.  

Since there are some different research goals in this study, both statistical models and 

machine learning models will be applied to achieve the goals. From the analytical results of 

statistical models, the relationships among the variables can usually be discussed. With the 

significance of variables, the impacts of independent variables on dependent variables can be 

realized as well. However, the sample size is one of the crucial factors to affect the statistical 

assumptions for building solid statistical models. The significance and importance of the 

independent variables are other features of traditional statistical models. Each independent variable 

should be further discussed before putting into the statistical models. For making solid conclusions 

from the statistical models, the data must pass the tests for meeting the statistical assumptions. It 

makes some restrictions of the applications from some traditional statistical models.  

In recent years, due to the significant improvements in computers’ performance, there are 

more studies using machine learning models as the main research methods. Machine learning 

models can usually provide higher performance of accuracy in the tasks of prediction compared to 

the traditional statistical models. However, the relationships among variables may not be 

meaningful in machine learning models and the significance of the variables may not be detected. 

As a result, the relevant statistical methods can be applied for further understanding the 
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information from the data. In this study, we use different models in the data analysis process to 

fulfill the purposes of the specific research problems.  

 
Figure 1.1 Approaches of Analytical Processes 

 

In a general data analysis process, after the data cleansing and analysis of descriptive 

statistics, different data analysis processes can be applied for the purpose of the specific studies. 

The pros and cons can be discussed by using statistical and machine learning models. 

Manufacturing is one of the most important research fields in Industrial Engineering and there are 

more and more studies focus on data analysis in additive manufacturing. In this study, different 

workflows and models are applied for fitting the different research purposes. The works this study 

mainly aim to improve the performance in the glass welding using lasers.  

The remainder of this paper is organized as follows: Chapter 2 provides the problem 

statement and the literature review. In Chapter 3, associated with research methods for variables’ 

assessment are introduced and discussed. Chapter 4 presents results of the experiments of glass-

to-glass welding using lasers. The experiment laboratory set up of the laser glass welding processes 

is presented. The lab experiments and the data collections were also discussed. Chapter 5 presents 

the results of data analysis and prediction in glass-to-glass laser welding using statistical and 

machine learning approaches. Chapter 6 reports another application of glass welding. A case of 
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glass-to-aluminum welding using laser will be studied. Chapter 7 summarizes the findings in this 

study and presents the future work.  
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CHAPTER 2  

PROBLEM STATEMENT AND LITERATURE REVIEW 

 

In this chapter, we mainly describe the research problems and backgrounds relate to our laser 

experiment and data analysis. From the discussion in this chapter, we will develop process of 

parameters’ assessment. In this chapter, we focus on investigating the research problems and 

provide the literature review of the techniques relevant to this study. We anticipate filling some 

research gaps in this field by this study. The content in this chapter is partially from our previous 

studies [35][36][37].  

2.1 Background and Research Problems 

Glass is one of the most important materials with lots of applications in 

Microelectromechanical Systems (MEMS), optics, electronics, and biomedicals [9]. As the 

strength and scratch-resistant of glass are increasing in recent years, more functions can be applied 

by using glass materials. If the glass welding technology can keep improving, more widely 

applications can be completed inside and outside the devices.  

The use of glass in manufacturing has increasingly been the object of study in recent years 

since it has become one of the most important materials with a variety of applications in 

Microelectromechanical Systems (MEMS), optics, electronics, and biomedicals [9]. It is also a 

crucial material in the manufacturing of cell phones and other smart devices. Since Mobile World 

Congress (MWC) in 2018, more and more brands have launched new versions of smartphones by 

using glass as the main surface material of the devices, such as Samsung S9, Sony XZ2, Nokia 8, 

ASUS Zenfone, OPPO R15, Vivo X21, LG G series, and Apple iPhone series [21]. There are 

plenty of advantages using glass as smartphones’ main surface materials. First, compare metals to 
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glass, more colors can be demonstrated by using glass. Second, there are some technical barriers 

to wireless charging functions when the phone’s surface is mainly metal [21]. Besides, the 

temperature of the metal smartphone could not be stable since the metal’s thermal conductivity 

could usually be higher than other materials.  

As the strength and scratch-resistant of glass are increasing in recent years, more functions 

can be applied by using glass materials. In many falling tests, the new generation products of 

Corning performed much better than previous products [20]. Besides, the colors and textures of 

the products are improving as well, some of their products even can easily be recognized as wood 

or other materials [23]. Moreover, thinner and foldable glass products for smartphones are 

developing now and will be launched soon. Some applications of combining glass and metal inside 

the devices have been developed as well, such as fingerprint recognition modules in LG 

smartphones [22]. The tiny sensors are embedded in the surface glass and can provide accurate 

signals with the water-resistant condition. As a result, the applications of glass will be more widely 

for consumers’ products shortly. If the glass welding technology can keep improving, more 

applications can be completed inside and outside the devices.  

With the increasing usage of glass in manufacturing, quality requirements for glass welding 

techniques have become more critical. Besides 3C devices, glass also plays a significant role in 

the semiconductor industry. In 2019, The Korea Institute of Machinery Materials (KIMM) jointly 

developed laser-enabled glass-welding with the Laser Zentrum Hannover (LZH) in 

Germany. “The glass-welding technology is garnering attention as a key technology for the 

automated operation of the plants that manufacture glass products for semiconductors,” said the 

Korean institute [7].   



   

9 

 

In LZH, flat glass and glass tubes can be joined together on an automated basis. Borosilicate 

and quartz glass can be joined with the laser; Glass-metal joints and can be done by the laser as 

well [8]. As a result, by using laser welding technology, the applications can also be widely used 

in industries related to Aerospace, Automotive, Lighting, Material processing, and Arts, etc. 

Moreover, the femtosecond (fs) laser welding of micro-glass devices is also a high flexibility and 

precision technology, which is suitable to utilize in microelectromechanical and microfluidic 

systems [14].  

The purpose of this study is to deepen our understanding of the relationships between the 

bonding strength of glass welding and the parameters by using laser systems. The experiments and 

the results of the quality and parameters were recorded and analyzed. It is hoped that the results of 

this study described here could serve as one of the bases for data analysis of glass welding using 

laser pulses. Although there are several research works related to glass welding using laser pulses 

in recent years, there is still a lack of discussions about the data relationships between the bonding 

strength and the parameters in femtosecond laser welding processes. From literature, bonding 

strength and related welding quality can be affected either by focal position or power. Scanning 

speed and patterns in the welding area may also be the factors to affect the welding results.  

In the past two decades, there are more and more research articles investigating glass welding 

technology. In 2007, Miyamoto et al. used the femtosecond laser as a tool for glass welding 

experiments. They used conduction models to calculate the distributions of temperature in the 

nonlinear absorption process of the ultrashort laser pulses. The results showed that high pulse-

repetition rates of femtosecond lasers provided efficient fusion welding. Besides, the nonlinear 

absorptivity of the femtosecond laser pulses is strongly affected by the repetition rate of the laser 

pulses [9]. Finally, the high joining efficiency provides by femtosecond laser pulses with glass 
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performs better than fusion welding of metal. From Miyamoto et al. (2007), the femtosecond laser 

pulses had become one of the advanced methods for glass welding.  

In 2013, Miyamoto et al. further investigated the crack-free conditions in welding of glass 

by the ultrashort laser pulse. The simulations showed when the temperature of the laser pulse in 

the glass was higher than the softening temperature of the glass, the cracks were prevented. The 

structures should consist of an elliptical outer structure (molten pool) and teardrop-shaped inner 

structure (laser absorption region) [11].  

As Richter et al. (2011) summarized in their review of experiments of fused silica welding, 

similar to the work of glass, the nonlinear absorption process of the laser pulses also showed on 

the fused silica samples with femtosecond laser pulses. The high repetition rate was also one of 

the crucial conditions for good bonding strength. 75% of the breaking stress of the bulk material 

could be achieved by optimizing the parameters [12].  

In 2016, Richter et al. reported another research article on the local absorption of ultrashort 

laser pulses at high repetition rates leading to heat accumulation and local melting of glasses which 

can be used to weld different types of glasses [17]. Various glasses have been tested with ultrashort 

laser pulses. Richter et al. identified that the maximal achievable breaking strength is limited by 

laser induced stress surrounding the modified material [17]. They also reported the relationships 

between breaking strength and relative molten area by using single welding spots and continuous 

welding lines. The results showed that the single welding spots offer a much higher value 

compared to the continuous lines. In addition, they tested various glasses such as fused silica, B33, 

ULE, and Zerodur. All the materials can be successfully welded and show different breaking 

strengths. The experiments proved the versatility of ultrashort pulse induced laser welding [17]. 
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In 2013, Zimmermann et al. studied the welding of fused silica with bursts of ultrashort laser 

pulses. After optimization of burst frequency and repetition rate, they achieved a breaking 

resistance of 96% of the bulk material and is higher than other conventional laser bonding methods 

with similar high repetition rates [13].  

In 2015, Cvecek et al. presented a method utilizing ultra-short laser pulses which exploit a 

volume expansion of irradiated glass enabling the joining of glass plates across gaps of up to 1 μm. 

The experiments showed that it seems possible to bridge the gap from each glass plate, either by 

creating the bulging at the lower surface of the top glass plate or by creating the bulging at the 

upper surface of the lower glass plate [18]. The work in this study shows that it is not necessary to 

require the preparation of optical contact in several previous studies to complete the glass joining 

process. In addition, the prebonding step can be skipped as well. As a result, the costs of laser glass 

welding could be reduced. 

In 2015, Chen et al. carried out welding of two glass parts with a controlled gap by using 

picosecond laser and the capability of picosecond laser welding to bridge micron-scale gaps was 

investigated [30]. They compared the effect of glass-to-glass welding with gaps in different 

parameter sets. The results showed that the maximum gap that can be successfully welded is 

strongly dependent on the laser power and the focal position, and the welding speeds is an 

insignificant parameter [30].  

In 2017, Tan and Duan used 1030-nm femtosecond laser pulses to weld fused-silica glass 

substrates in optical and partial-optical contact. They also tested the focal positions below, middle, 

and above the interface between the two samples. 58.2 MPa was the maximum bonding strength 

they can achieve by optical contact welding condition. When the laser focused below the interface 

between the two samples and the gap distance was small, the maximum bonding strength can be 
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achieved easier [14]. A higher repetition rate was another essential condition to get better results. 

In this study, a repetition rate of 600 kHz was appropriate for the welding of fused silica (JGS2) 

[14].  

In 2017, Tan and Duan also demonstrated a method to weld three fused silica substrates 

together in one-step using femtosecond laser [15]. The focal position was 500 μm lower than the 

higher interface at the middle of the second substrate with 1030-nm laser pulses. The three 

substrates could be bonded together simultaneously by using proper methods and parameters to 

cause heat transmission and gravity. By using optical-contact regime, the maximum bonding 

strength of the lower interface could reach 56.2 MPa, which was more than double with a non-

optical-contact regime [15]. This multiple welding work could be applied to seal in MEMS and 

microsystem components with one step process inside bulk glasses.  

In 2018, Kim et al. presented a rapid and highly reliable glass (fused silica) microfluidic 

device fabrication process using various laser processes [19]. The scanning speed of the 

femtosecond laser beam was 100 mm/s at a 500 kHz repetition rate. The focus laser beam size was 

about 20 µm and the laser writing was repeated 30 times with a 10 μm pitch in the lateral direction 

to make the width of the microfluidic channel equal to 10 μm pitch in the lateral direction [19]. 

From the results of tensile tests, the glass-to-glass of laser welding in this study created 7.5 MPa 

maximum bonding strength within five minutes working time. This microfluidic device fabrication 

strategy provided high bonding strength compared with conventional bonding methods [19].  

In 2019, Gstalter et al. proposed a long focal length focusing device for glass welding by 

femtosecond laser pulses. In their configuration, the scanning speed reached up to 200 mm/s with 

low energy (3 μJ), the scanning speed was much higher than similar studies [16]. In general, the 

scanning speed was limited to about 1 – 10 mm/s in current glass welding experiments using 



   

13 

 

femtosecond laser pulses [16]. 30 MPa of mechanical resistance measured by tensile tests was 

reached in this study.  

In 2019, Chen et al. utilized a picosecond laser with a small-scale rapid oscillating scan to 

weld glasses. The scan of laser can create molten material to fill the gap between glasses. The 

maximum joint strength is 64 MPa without any defects [16]. The experimental results showed that 

the method of rapid oscillating scan can achieve good quality of welding seam without defects 

[31]. It also broke the barriers of optical contact condition by successfully presenting the welding 

of glass with a 10 μm contact gap [31].  

In 2020, Zhang et al. studied the effect of gaps on the quality of glass to glass by using a 

picosecond laser. The air gap between the glass surfaces had been detected. In this study, the laser 

welding with good performance can be achieved with an air gap of 2 μm [32]. The tensile fracture 

strength of the welded glass can be over 30 MPa. In the samples, the cross section of the welded 

area showed a tear-drop structure observed by SEM [32].  

In 2020, Sahoo et al. presented a dynamic pulse propagation modeling for femtosecond laser 

bonding [33]. They investigated the distributions of temperature and dependent thermal properties. 

The models could be applied to predict the spatial and temporal distribution of absorption 

coefficient and plasma density [33]. As a result, the heat affected zone and weld geometry could 

be estimated. About the real experimental results, shear strength of 16 MPa had been achieved for 

a typically welded assembly [33]. From Sahoo et al., this was the first model that can predict the 

relative position between the geometrical focus and the interface of the two glass substrates to be 

welded [33]. The validation of the models would be presented in a future publication.  

Although there are some research works completed glass welding using lasers in recent years, 

there is still a lack of discussions about the relationships between the bonding strength and the 
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parameters in the welding processes. From literature, bonding strength and related welding 

qualities can usually be affected either by focal position or power. Scanning speed and patterns of 

welding area may be other factors to affect the results. But most of the related literature does not 

focus on the data analysis for assessing the parameters and the performance and not a limited 

parameters were discussed in previous studies.  

In this study, the bonding strengths of our trials and the values of related parameters in 

trials will be recorded. As a result, the relationships between bonding strengths and the parameters 

of the laser system can be explored by data analytical process. After that, the importance and the 

influence of parameters can be assessed, and the better welding performance of glass welding with 

laser pulses could be achieved easier from our experience.  

In the laser machining, our data analytical process should be applied to discover the suitable 

design of experiments and parameters for enhancing the quality of welding work. Moreover, the 

better range of values should also be provided after our analytical process. For example, after the 

laser experimental data has been recorded, by using appropriate experiments and analytical 

processes, some thresholds of the parameters for successful welding can be detected by our 

analytical process.  

Besides, there are many different parameters in a laser machining system. Since there is a 

lack of previous studies discussing more than three parameters from the laser systems, how to find 

the importance of the parameters is crucial for welding works. After our experiment and data 

analysis, the performance or the probability of making successful welding should be increased. 

For example, the adjustable parameters in a normal laser system includes scanning speed, 

repeat times, the shape of welding area, power, repetition rate, focal position etc. Since there are 

many parameters can be adjusted in an experiment, considering the costs of laser experiments in 
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the beginning phase, we will firstly focus on the parameters which are more common in related 

literature of glass welding. In this phase, for the limited number of samples, we will mainly apply 

statistical approaches to make the inferences more reasonable. After the first phase, once the 

experimental setup become stable, we will further discuss and adjust more parameters. With the 

larger sample size, other data mining approaches will be applied for constructing the prediction 

models. Finally, we will discuss welding between glass and aluminum for expanding our 

understanding of glass welding using lasers.  

Regarding the quality of welding works, the bonding strength is one of the useful indicators 

from literature. This indicator is straightforward and meaningful in many manufacturing processes 

but is difficult to measure. Our work includes to overcome the difficulties of the measurable and 

mitigates the experimental errors from experiments.  

2.2 Summary 

From the literature, there is still a lack of studies to explore larger sample sizes of glass 

welding data for exploring the impacts of parameters. The statistical methods were seldom applied 

in the analysis. In this study, the experimental data has been recorded analytical process will play 

an important role for improving the quality of the welding work through our successful 

experimental experience.  

In this chapter, we have presented the research backgrounds and problems of glass welding 

using lasers. After our experiment and analysis, we anticipate the model accuracy and variables’ 

information can be compared and discussed in this study.  

In the next chapter, we will introduce the proposed analytical methods that will be applied. 

From IJ, H. (2018), classical statistical modeling is designed for data with fewer input variables 

[3]. To consider our research goals, statistical methods will be applied in our studies. Clues from 
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the variables can be investigated and discussed using statistical methods. Besides the statistical 

methods, other data mining models will be applied and constructed after we collected more 

samples. 
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CHAPTER 3  

RESEARCH METHODS FOR PARAMETER ASSESSMENT 

 

In this study, data from different sources in manufacturing and safety has been applied, and the 

data analytical processes among these applications have some features in common. Our studies 

include the detection and discovery of the important variables and patterns from the different 

datasets. The research objectives of this study can be summarized as follows:  

1. To investigate the critical parameters and the range of value by variable assessment in the 

process of glass welding.  

2. The predictions can be completed by using appropriate variables and analytical process.  

In this study, different algorithms of data analytics will be applied. Since we will mainly 

focus on the data from the laser machines, different statistical and ML models will be applied to 

discover crucial variables in our analytical process. The related methods are introduced in this part. 

The content in this chapter is partially from our research articles [35][36][37][55]. 

3.1 Descriptive Statistics 

Descriptive Statistics is the most important step in data analysis process. In general, 

researchers should check their datasets by many techniques related to descriptive statistics before 

any works for the model building. The works related to descriptive statistics usually include 

correlation analysis, missing data and abnormal data detection, data scatter plots, and histograms. 

The patterns and trends of the datasets should be checked before any further analytical process. 

During the observation, the typos or other errors of data points can be detected easily. The 

indicators of means and medians should also be calculated for understanding the data structure. 

After that, the relationships among the variables can be further explored.  
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In addition, correlations can be seen as the direction and closeness of the linear association 

among variables. Correlation coefficient can be an indicator to measure correlations and it must 

lie in the range from -1 to 1 [26]. One of the most famous indicators is Pearson correlation, it can 

measure how well two sets of data are related [27]. We usually calculate a correlation matrix 

including all the variables we are interested to find out the relationships among them.  

In this study, before any further data analysis, all the datasets went through the analysis of 

descriptive statistics for checking the abnormal data points and discovering the trends from the 

data.  

3.2 Statistics and Regression 

In this study, we aim to discover the importance or significance of the variables. The 

regression has been one of the most popular methods based on statistical assumptions in many 

research articles. With the statistical significance of the variables in regression models, for 

checking the statistical difference between the means of the variables, two-tail t-test also usually 

be applied.  

From statistical inference, a t-test normally be used to test whether the null hypothesis that 

the means of two groups are equal. We set the type I error equals to 0.05 in this study. The type I 

error means the error of rejecting a hypothesis that should have not been rejected. It can be usually 

set as 0.05 or 0.01 to reduce the risk of falsely reject a null hypothesis. The p-value is the 

probability of obtaining results as extreme as the observed results of a statistical hypothesis test, 

assuming that the null hypothesis is correct [6]. Besides t-test, F-test and Z-test can be applied a 

lot in regression models.  

A regression model can be built to estimate the effects of variables. Linear regression is 

one of the most common models in regression analysis. In linear regression models, the intercept, 

https://en.wikipedia.org/wiki/Expected_value
https://www.investopedia.com/terms/h/hypothesistesting.asp
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slope of the regression line, and the significance of the variables or interaction terms that we are 

interested in. Based on the statistical theories, the coefficients in the models usually come from 

the Least-Squares estimators. As a result, this algorithm can give us the estimators of the 

coefficients from our samples and make the minimum errors. The general multiple linear 

regression model with response Y and the terms from X1, X2,…, Xp will have the form [34]:  

 E(𝑌|𝑋) = 𝛽0 + 𝛽1𝑋1 + ⋯+ 𝛽𝑝𝑋𝑝 (1) 

If Y is an n × 1 vector, X is an n × (p + 1) matrix, and β is a (p + 1) × 1 vector of regression 

coefficients, the matrix notation:   

𝐘 = [

𝑦1

𝑦2

⋮
𝑦𝑛

]        𝐗 =

[
 
 
 
1 𝑥11 ⋯ 𝑥1𝑝

1 𝑥21 ⋯ 𝑥2𝑝

⋮ ⋮ ⋮ ⋮
1 𝑥𝑛1 ⋯ 𝑥𝑛𝑝]

 
 
 

        𝜷 = [

𝛽0

𝛽1

⋮
𝛽𝑝

] 

The Least-Squares method can be applied to estimate the unknown parameters from β0 to 

βp. The Ordinary Least Squares (OLS) estimators (𝜷̂) of 𝜷 is selected to minimize the residual sum 

of squares [34]:  

 𝑅𝑆𝑆(𝜷) = (𝐘 − 𝑿𝜷)′(𝐘 − 𝑿𝜷) (1) 

And the 𝜷̂ equals to:  

 𝜷̂ = (𝐗′𝐗)−1𝐗′𝐘 (2) 

The significance of a variable in a linear regression model is meaningful. If a variable is 

significant in a regression model, the value of the dependent variable in the model would change 

together with the significant independent variables. As a result, more solid statistical inference can 

be made by the results of the significance. 

One of the most important properties is that in multiple regression models, all the statistical 

assumptions need to be fulfilled under the criterions related to type I error. For example, the 

residuals from the regression models need to fit normal distribution to avoid the results from the 
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model spurious. In this study, the statistical assumptions can be seen as one of the limitations to 

reach some of our research goals, and it can be one of the motivations to apply other ML models.  

3.3 Logistic Regression (LR) 

Logistic Regression (LR) is another one of the most famous machine learning algorithms 

in recent years. Without many traditional statistical assumptions, Logistic model is designed to 

describe a probability, which is always some number between 0 and 1 [28]. This is an important 

application, since there are a lot of research works that aim to find the risk of something such as 

diseases and accidents. The target or dependent variables are usually discrete variables, only 0 or 

1. The logistic model, therefore, is set up to ensure that whatever estimate of risk we get, it will 

always be some number between 0 and 1 [28].  

Logistic model is popular because of its logistic function with an appealing S-shape 

description of the combined effect of several factors on the dependent variable [28]. The logistic 

function, which the logistic model is based, can be formed by formula (4) and (5). Xs are 

independent variables we are interested in; 𝛼 and 𝛽𝑖 are the constant terms representing unknown 

parameters. z is the linear sum of Xs and the unknown parameters [28]. In formula (5), the range 

of i is from 1 to p, the value of f(z) can be from 0 to 1.  

 𝑧 = 𝛼 + 𝛽1𝑋1 + ⋯+ 𝛽𝑝𝑋𝑝 (4) 

 
𝑓(𝑧) =

1

1 + 𝑒−𝑧
=

1

1 + 𝑒−(𝛼+∑𝛽𝑖𝑋𝑖)
 

(5) 

Xs are independent variables we are interested in; 𝛼  and 𝛽𝑖  are the constant terms 

representing unknown parameters. z is the linear sum of Xs and the unknown parameters [28]. In 

formula (5), the range of i is from 1 to p, the value of f(z) can be from 0 to 1. The logistic model 

is set up to estimate the number between 0 and 1 and it is impossible to get an estimate either above 

1 or below 0 [28]. In this study, there are some crucial “Yes” and “No” questions, for example, 
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which parameter is significant for making the bonding strength of the glass welding samples higher 

than 50 MPa? Which parameter is significant for making cracks on the welding samples? The 

results from LR models can give us more insights for these research questions.  

3.4 Neural Network (NN) 

Neural Networks is the most popular topic in ML domain in recent years. With many 

perceptron in the models, the simple mathematical functions can usually map given input to a 

desired output [29]. The architecture of neural networks is flexible and scalable, and the layers in 

the models can be stacked easily to meet the demands of users [29]. The basic architecture of 

neural networks usually contains an input layer, hidden layers, and an output layer. In the models, 

there are many weights and biases between layers, and some activation functions with hidden 

layers [29].  

 

Figure 3.1 Example of Neural Networks from laser parameter 

On the other hand, although the neural networks can usually give us good prediction rates 

with enough data, the meaning of the layers and weights is usually unclear. As a result, the 

relationships between the variables should be reviewed by using other methods.  
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3.5 Classification and Regression Tree (CART) 

Classification and Regression Tree (CART) is another useful algorithm that can be applied 

for the binary prediction. CART is a tree-building technique with a form of binary recursive 

partitioning and often able to uncover complex interactions between predictors [54]. With the non-

parametric property, CART can be applied more widely without the constraints for the 

assumptions of the distributions from the values of the variables [54]. In the analytical process, 

CART searches all the possibilities and identifies variables as splitters [54]. The better splitters 

can be selected from the criteria using some loss functions. 

In this study, the methods we introduced in this chapter are applied in experimental data 

analysis from laser welding works. For achieving our research goals, some important research 

methods applied in our analytical process have been introduced in this chapter.  

In next chapter, we will introduce the process of the glass welding experiment. The 

manipulation of our experiment needs some skills and experience about the equipment setting and 

the samples’ adjustment.  
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CHAPTER 4  

EXPERIMENT OF LASER GLASS-TO-GLASS WELDING 

 

In this chapter, the process of laser machining in glass welding and the results will be introduced. 

The datasets of this application are mainly from USP laser systems. The datasets were collected 

by our experiments of femtosecond laser glass welding. Through research collaboration efforts, 

the laser glass welding experiments were set up at the National Central University. The content in 

this chapter is partially from a research article: Evaluation of bonding performance obtained by 

femtosecond laser glass welding through a high scanning speed [35].  

4.1 Laboratory Set up of Laser Glass Welding Experiments 
In our glass welding experiment, the glass substrate was pre-cleaned with acetone, followed 

by rinsing in isopropanol with ultrasonic agitations before laser irradiation. For laser welding, one 

glass substrate was placed on another substrate without additional external compression or optical 

contact. Both substrates were the alkaline earth boro-aluminosilicate glass sheets (Corning, 

EAGLE XG Slim Glass), with a thickness of 700 µm, an area of 40 mm × 40 mm. A hollow space 

was created in the center of the specimen stage so the laser beam could pass through, that is, the 

specimen’s welded areas were free-standing.  

The fs laser source was based on a diode-pumped fiber amplifier system (Amplitude, 

Satsuma HP2), operating at the central wavelength of 1030 nm and with adjustable pulse duration 

ranging from 300 femtoseconds to 10 picoseconds. The repetition rate is tunable from 1 Hz to 200 

kHz. The maximum pulse energy output is 38 µJ. The irradiated laser beam oscillates with a 

Gaussian distribution of electric field, guided by an optical system and delivered into a laser 

scanner (LASEA, LS-Scan XY10). The laser beam from the scanner was with a spot diameter of 
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40 μm and a depth of focus of 1.6 mm. Figures in this chapter show the schematic, material, and 

equipment in this experiment.  

 

Figure 4.1 Schematic of the lab setup for this study 

4.2 Experiments of Laser Glass Welding Manufacturing Processes and Data Collections 
About the process of the experiment, a laser system called Amplitude has to be turned on 

under suitable conditions in the beginning. We usually wait for a while to make sure the machines 

are stable without any problem.  
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Figure 4.2 A femtosecond laser system 

Secondly, a power meter should be connected to the laser system. We need to monitor the 

power in every specific experiment to minimize the error and variance from the system.  

 

Figure 4.3 A power meter usually is linked to the laser system 

 

When the power of the laser system has significantly decreased, we usually have to turn off 

the system and clean the lens with acetone by using fingers. If it does not work, we require 

engineers of the system to investigate and check. Although we usually try to make the power stable, 
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it is nearly no chance to keep the power the same in every experiment since there are many 

complicated elements in the laser system. As a result, similar to relevant literature, we set power 

as one of the crucial variables in our analytical process. We usually observe the power in the 

experiment by connecting a power meter to control the variance.  

After we start the laser system and ensure the power and efficiency are both reasonable, we 

will start another software called Kyla Software. In this software, we can set the shapes, patterns, 

speed, outlines, etc. of the laser writing. In general, we would start and stop the whole laser system 

through Kyla software. In this software, we can also draw the shapes we desired for laser 

machining.  

Since many kinds of laser beams are invisible but harmful to our eyes, during every 

experiment, laser safety goggles should be worn by people nearby. Our working time is usually 

between 60 to 600 seconds. The laser beams cannot be detected by our eyes which makes it more 

dangerous to make us ignore a running system. As a result, we usually avoid seeing the specimens 

directly by eyes when specimens have been put in the welded areas. And we usually check many 

times to confirm the system’s status.  

4.3 Laser Glass Welding Manufacturing Process and Samples  
In the experiment, we have recorded more than one hundred data points from our trials. 

During the experiment, we put two glass samples together and make the focal position of laser in 

one of the samples.  



   

27 

 

 

Figure 4.4 Glass sample after welding processes 

Figure 4.4 shows a welding sample after the laser glass welding processes. The 

manufacturing data we usually collected from the processes included parameters, qualities, and 

photos, as shown in Figure 4.5 and Figure 4.6. 

 

Figure 4.5 Top-view of the glass welding area after welding processes 

 

Figure 4.6 Side-view of the glass welding area after welding processes 
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Figure 4.5 and Figure 4.6 show the photos of welding areas from a top view and a side view. 

The analysis of parameters and qualities of this process can be recorded in the laser system. By 

using descriptive statistical analysis, some roughly suitable ranges of the parameters can be 

conducted.  

4.4 Analysis and Results of Laser Glass-to-Glass Welding 

In this section, the results of our experiment have been introduced. We provide the results of 

samples in glass welding work and the results of our analytical process. The mechanisms of the 

welding processes in this study are similar to Cvecek et al. (2015) and Gstalter et al. (2019), to 

form a bulging of glass material on the welding area for joining the two substrates [16], [18]. 

Figure 4.7 and Figure 4.8 are macroscopic views of welding areas with different tracks of scanning 

in this study.  

 

Figure 4.7 Welding area top-view with 

scanning from top to bottom 

 

 

Figure 4.8 Welding area top-view 

with slanted tracks 
 

By setting different parameters, the results of the welding areas and the bonding strengths 

are different. From Figure 4.9 to Figure 4.11, after some tensile tests, there is bulging of glass 

material usually on one of the glass substrates, the shapes of bulging of the welding area are usually 

similar to the shapes in the study of Gstalter et al. (2019) [16].  
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Figure 4.9 2-D view of typical bulging on the 

welding area after our welding processes 

 

 

 

Figure 4.10 The height of the bulging spot 

can reach near 500 µm in both tracks from 

top to bottom and left to right 

  

 

Figure 4.11 3-D view of the bulging shows the height in the welding area can reach near 500 µm 

In this experiment, we have measured some tensile strengths with different values of 

parameters including focal positions, repeated scan times, and power. From literature, power has 

been one of the crucial variables in many works of glass welding. From Richter et al. (2015) and 

Chen et al. (2015), the focal position also plays an important role in successful welding works [25], 

[30]. Tan et al. (2017) also tested different focal positions in their welding processes [14].  

In addition to the two variables, we further assumed the number of times for repeating the 

laser writing should be a variable to affect the bonding strengths. In a previous study, Kim’s (2018) 
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laser writing is repeated 30 times with 10 μm pitch in the lateral direction [19]. On the other hand, 

in Chen’s experiments (2015), the welding speed is an insignificant parameter related to welding 

quality [30]. As a result, we fix scanning speed to 2,100 mm/s in the trials and focused on the other 

parameters we mentioned.  

In this study, tensile strengths from forty samples in this experiment were recorded. With 

three different laser scanning times, the bonding strengths of each group of samples were measured. 

The data analysis for the datasets was mainly constructed under R statistical software 3.6 version.  

First, we calculated the average bonding strengths under 2,000 scanning times. The 

descriptive statistics of the twenty-one samples were computed. In Figure 4.12, the highest average 

bonding strength (71.5 MPa) was computed when the focal position was 300 µm below the 

interface of two glass samples (– 300 µm), which is in line with Tan et al. (2017). Kaiser (2016) 

also located the focus of the femtosecond laser beams in the lower glass component with around 

270 μm below the joint, the position is close to the highest average strength in this study [24].  

 

Figure 4.12 Average Bonding Strength with 2,000 Scan Times (Unit: MPa) 

 

Besides the samples under 2,000 repeated scan times, the bonding strengths under the lower 

scan times from the other eighteen samples were measured. In Figure 4.13, under 500 and 1,000 

repeat scanning times, the highest average bonding strength (32.7 MPa) also showed when the 
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focal position slightly below the interface of two glass samples (– 200 µm). The outcomes were 

similar to the results under higher scan times in our experiments.  

 

Figure 4.13 Average Bonding Strength with 500 and 1,000 Scan Times (Unit: MPa) 

 

We further detected the effects of the parameters. A regression model has been built to 

estimate the effects of variables. The dependent variable was set as bonding strength (BS) and the 

results of the model showed in Table 4.1. We took nature log for BS data and set the type I error 

equals 0.05. The type I error means the error of rejecting a hypothesis that should have not been 

rejected. It normally is set as 0.05 or 0.01 to reduce the risk of falsely rejecting a null hypothesis.  

Table 4.1 Regression Model of the Bonding Strength 

Variable Coefficient S.E. p-value 

Intercept 2.62 2.7 0.34 

Scan Times 6 × 10-4 2 × 10-4  < 0.01** 

Focal Position – 5 × 10-3 2 × 10-3 < 0.01** 

Square of Focal Position – 1 × 10-5 4 × 10-5   0.02* 

Power – 0.03 0.18  0.86 

Note: S.E. = standard error; *p < 0.05; **p < 0.01. 
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In Table 4.1, both the focal positions and the scan times were significant for the bonding 

strength. It means higher scan times and lower positions can both increase the BS in this 

experiment. The p-value of Shapiro-Wilk normality test for this regression model is 0.24 which is 

higher than 0.05 means the hypotheses of the residuals from a normal distribution is not rejected. 

Since the average bonding strength of the literature is around 45 MPa (Table 4.2), we used 

a bonding strength higher than 50 MPa as one of the conditions for further discussion. We further 

investigated the relationships among focal position, power, and repeated scan times using decision 

tree models to identify the conditions for the bonding strengths higher than 50 MPa and 30 MPa. 

In Figure 4.14, there is one set of conditions make the probability equals to 75% for the 

bonding strength higher than 50 MPa. As zero µm is the interface between the two glass samples, 

it showed when the focal position is lower than – 250 µm and the power less than 14.19 watt, three 

of the four bonding strengths were higher than 50 MPa.  

 

Figure 4.14 Conditions of bonding strengths higher than 50 MPa 

 

In Figure 4.15, two sets of conditions make the probability higher than 75% of bonding 

strength higher than 30 MPa. As zero µm was the interface between the two glass samples, when 

repeated scan times were higher than or equals to 1,500 times, the focal position was lower than – 



   

33 

 

50 µm, and the power was less than 15 watts, the probability of bonding strength higher than 30 

MPa was 80%.  

In addition, when repeated scan times were higher than or equals to 1,500 times, power was 

higher than 15 watts, and the focal position was between – 50 µm and – 250 µm, the probability 

of bonding strength higher than 30 MPa was 75%.  

 

Figure 4.15 Conditions of bonding strengths higher than 30 MPa 

 

In this study, the forty samples of the glass welding have been collected using a femtosecond 

laser system and the bonding strengths have been measured. The results of previous glass-to-glass 

studies have been summarized in Table 4.2. In previous studies, high repetition rate had been seen 

as one of the crucial conditions for high bonding strength.  

In our trials, the maximum bonding strength can attain more than 99 MPa with about 75 

seconds of working time. Comparing with Kim et al. (2018), minutes of working time can be saved 

and maintain the bonding strength [19]. It means if the values of parameter sets are appropriate, 

high bonding strength welding could still be achieved with limited resources, such as limited 

working time and repetition rates.  
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Table 4.2 Bonding Strength of femtosecond glass welding 

Study Maximum Bonding 

Strength (MPa) 

Material Repetition Rate 

(kHz) 

Richter et al. (2016) 58 Fused-Silica 9,400 

Zimmermann et al. (2013) 87 Fused-Silica 100  

Zimmermann et al. (2013) 42.3 Fused-Silica 4,700  

Richter et al. (2015) 73 Fused-Silica 200 

Tan et al. (2017) 58.2 Fused-Silica 600 

Kim et al. (2018) 7.5 Fused-Silica 500 

Sahoo et al. (2020) 16* B33 1 – 2,000 

Gstalter et al. (2019) 30 Borosilicate 500 

*: Shear Strength 

Besides the bonding strengths, for further exploring the impacts of parameters, we applied 

descriptive statistics and regression models to identify significant parameters related to the 

bonding strength of the laser glass welding. The results show focal positions and repeated scan 

times are both significant for bonding strength. As a result, the values of the two parameters should 

be taken into account in related studies about femtosecond glass welding experiments. In other 

words, if the bonding strengths need to be adjusted in experiments, the value of the two parameters 

can be changed at first for meeting the requirements.  

For making the conditions of high bonding strength more clearly, we also summarized 

several parameters’ sets by decision tree models which making the bonding strength higher than 

30 MPa and 50 MPa separately. Under specific conditions, the probabilities of the bonding 

strengths more than 30 MPa and 50 MPa were around 75% or 80%. Although conditions might be 
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different in other studies, the relationships and the ranges of values of the parameters in this study 

can be applied for searching better parameter sets, the high bonding strength of glass welding 

results should be achieved easier.  

4.5 Conclusion 

In summary, the findings in this study stress the importance of the relationships between 

glass bonding strength and the values of parameters in femtosecond laser systems, which filled 

some gaps in the research field of glass-to-glass laser welding. In future work, we plan to discuss 

the impacts of other parameters such as scanning speed and the shape of the welding area on 

bonding strengths. Gstalter et al. (2019) reported 30 MPa bonding strength with a high scanning 

speed around 200 mm/s [16]. If the bonding strengths were maintained with higher scanning speed, 

working time can be reduced. In addition, Richter et al. (2016) had successfully welded various 

glasses such as fused silica, B33, ULE, and Zerodur together with different breaking strengths [25]. 

As a result, different materials can be welded with glass such as metal, quartz, and sapphire for 

widening applications in industries. Furthermore, it is difficult to avoid all the experimental errors 

in the tensile tests and welding process. In the future, we will conduct research works with larger 

sample sizes to mitigate the effects of the experimental errors. The main contribution of this study 

has been presented in a lecture session in 23rd International Symposium on Laser Precision 

Microfabrication in Dresden, Germany in June 2022 and the work has been published in 

Proceedings of LPM 2022 - 23rd International Symposium on Laser Precision Microfabrication 

[35]. 

From literature, the goal of the glass welding work usually focuses on decreasing defects 

with desired bonding strength. The goal should be achieved by suitable design of experiments and 

to enforce our suitable analytical process. The outputs of this work will not only be worth applying 
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in manufacturing process in industries but bring advantages for business applications. Moreover, 

there are more applications related to welding work that may be taken into account, such as to 

embed metal into glass substrates. We will also discuss it in the future chapters.  

Depending on our experiments so far, in Figure 4.16, from the data from our welding samples, 

some data mining models such as Neural Network can be employed. From our input and output 

data, the layers of the models can be generated. As a result, the prediction can be made from 

importing the input data. As an example of a neural network model, the repeat times of laser scan, 

focal position, and the efficiency (Power) can be seen as the input variables. The results about 

conditions of the bonding strength (MPa) of the samples can be the output. In addition, the structure 

or layers can be determined by the models to minimize the model error.  

 

Figure 4.16 Example of Neural Networks from laser parameter 

About the future work, after considering more common parameters in the laser system, the 

better understanding of the relationships between parameters and the welding strength will be 

discovered. The details of the further data analysis and prediction are presented in the next chapter.  

In the next chapter, we will introduce data mining and prediction with larger sample size 

using different suitable data mining methods. In the meantime, the statistical models will also be 
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applied to explore the statistical evidence of the parameters such as significance of the parameters 

under different conditions. By adding the analytical process with statistical concepts, the 

conclusion of this study can be more meaningful and can fills the gaps by discovering more insights 

from the parameters.  
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CHAPTER 5  

ASSESSMENT OF GLASS-TO-GLASS WELDING BY USP LASERS WITH 

DATA MINING APPLICATION 

 

In the previous chapter, the process of the laser experiments and relevant analysis has been 

introduced. After the similar and stable experimental setup, based on the data ranges of the 

parameters, more samples with adjustable parameters of glass-to-glass welding have been 

collected. With larger sample size, the data can be suitable for using data mining methods. In this 

chapter, we mainly discuss the results of data analysis using different data mining approaches such 

as neural network, classification and regression tree, and logistic regression.  

Based on our previous work of evaluating the bonding performance through a high scanning 

speed [35], the goal of the data mining process in this chapter is aimed to enhance the successful 

rate of the work of welding. As a result, the cost control and the efficiency of our experiment can 

be further improved. The content in this chapter is partially from our research article: Assessment 

of glass-to-glass welding by USP lasers with machine learning approaches [36] . 

According to the data analysis of glass-to-glass welding in previous chapters, we can 

conclude that the parameters we have adjusted can cause the different welding strength of the 

welding samples. As a result, in this chapter, more data mining methods will be applied for 

enhancing the performance of the glass-to-glass welding in the future. The methods of data 

analysis we applied in this chapter mainly included Neural Network (NN), Logistic Regression 

(LR), and Classification and Regression Tree (CART).  
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5.1 Welding data analysis 

In this chapter, three methods of data analysis have been applied and compared including 

Neural Network (NN), Logistic Regression (LR), and Classification and Regression Tree (CART). 

With the application of ML methods, the accuracy for the results of glass-to-glass welding can be 

enhanced. A total of ninety-seven samples were collected in this study. A femtosecond laser 

system was applied, and the relevant experimental setup was similar to the experiment we 

introduced in the previous chapter.  

The information from the ninety-seven samples was recorded in our experiments. In the 

meantime, data in the laser system includes power, focal position, the number of repetitions, 

scanning speed, the distance between two adjacent lines in the welding area, and the jump speed 

(i.e., the speed of laser scanning before, after, and between laser shots) [36]. The goal of this study 

is to enhance the success rate for the welding works. As a results, we mainly used three different 

ML approaches for predicting the results based on our data. By using the predictive models, we 

can gather the predictive success rate with a given set of parameters. The costs of experiments 

could be reduced using the models.  

From the results of the experiments, fourteen samples were successful, and eighty-three 

samples were unsuccessful. The reasons for the conditions of the unsuccessful samples include 

cracks were presented or the two glass samples could not be welded together. For further predicting 

the welding results, ML models such as Neural Network (NN), Logistic Regression (LR), and 

Classification and Regression Tree (CART) were applied. The implementation of this study is 

realized by Python v.3.7.4 with the Tensorflow package v.2.4.1 for the NN models and R v.3.6.3 

for the LR and CART models.  
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The NN models we applied contained an input layer, hidden layers, and an output layer. The 

input layer included the parameters from the laser system. One of the architectures of NN model 

showed in Figure 5.1.  

 

Figure 5.1 A framework of neural network with architecture of 6-3-2 

Table 5.1 The confusion matrix of predicting welding conditions using architecture 6-6-2 in 

neural network model with 10% data for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 2 0 

Failure 1 7 

Table 5.2 The confusion matrix of predicting welding conditions using architecture 6-6-2 in 

neural network model with 20% data for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 4 0 

Failure 1 15 
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Table 5.3 The confusion matrix of predicting welding conditions using architecture 6-6-2 in 

neural network model with 30% data for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 2 5 

Failure 1 22 

Table 5.4 The confusion matrix of predicting welding conditions using architecture 6-5-2 in 

neural network model with 10% data for testing 

Welding Results 
Actual Class 

Success Failure 

Predicted 

Class 

Success 2 0 

Failure 1 7 

Table 5.5 The confusion matrix of predicting welding conditions using architecture 6-5-2 in 

neural network model with 20% data for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 4 0 

Failure 1 15 

Table 5.6 The confusion matrix of predicting welding conditions using architecture 6-5-2 in 

neural network model with 30% data for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 0 0 

Failure 7 22 

From the results of NN models, we can calculate accuracies for each model. For example, 

as shown in Table 5.5, the network architecture of 6-5-2 with 20% of data for testing and 80% of 
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data for training, the prediction accuracy is 95% (19/20). The true positive is 4, true negative is 15, 

and the total testing number is 20.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

# 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑡𝑒𝑠𝑡𝑖𝑛𝑔 
                     (6) 

Table 5.7 summarized the accuracies from three different NN architectures. The average 

accuracy is around 87%.  

Table 5.7 The accuracy of predicting welding conditions using different NN architectures 

Network 

Architecture 

% of data for testing Average 

Accuracy 10% 20% 30% 40% 

6-4-2 80% 95% 93% 82% 88% 

6-5-2 90% 95% 76% 92% 88% 

6-6-2 90% 95% 80% 77% 86% 

In this study, we have constructed more complicated NN models with more than one hidden 

layer. Since the accuracies from those models were not enhanced significantly, the models with 

one hidden layer were applied.  

Besides the NN models, Logistic Regression (LR) was applied in our prediction process. LR 

is also a widely applied algorithm for predictive tasks. With the logistic function, LR is useful for 

the problems of classification or prediction for the binary outcomes. The accuracies of the 

predictive models using LR reported in the following tables. From the results, the LR provided 

97% of average accuracy.  
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Table 5.8 The confusion matrix of predicting welding conditions using LR with 40% data for 

testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 3 0 

Failure 2 33 

Table 5.9 The confusion matrix of predicting welding conditions using LR with 30% data for 

testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 2 0 

Failure 2 25 

Table 5.10 The confusion matrix of predicting welding conditions using LR with 20% data for 

testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 1 0 

Failure 2 16 

Table 5.11 The confusion matrix of predicting welding conditions using LR with 10% data for 

testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 0 0 

Failure 0 9 
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Table 5.12 The accuracy of predicting welding conditions using the LR 

Method 

% of data for testing 
Average 

Accuracy 
10% 20% 30% 40% 

LR 100% 95% 97% 97% 97.3% 

Classification and Regression Tree (CART) is another useful algorithm we applied in this 

study. CART can search all the possibilities and identifies variables as splitters [54]. The results 

of accuracies using CART were reported. The average accuracy is 92.5%.  

Table 5.13 The confusion matrix of predicting welding conditions using CART with 40% data 

for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 7 1 

Failure 1 29 

Table 5.14 The confusion matrix of predicting welding conditions using CART with 30% data 

for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 7 1 

Failure 0 21 

Table 5.15 The confusion matrix of predicting welding conditions using CART with 20% data 

for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 5 0 

Failure 0 14 
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Table 5.16 The confusion matrix of predicting welding conditions using CART with 10% data 

for testing 

Welding Results Actual Class 

Success Failure 

Predicted 

Class 

Success 2 1 

Failure 1 5 

Table 5.17 The accuracy of predicting welding conditions using CART 

Method 
% of data for testing Average 

Accuracy 10% 20% 30% 40% 

CART 78% 100% 97% 95% 92.5% 

 

5.2 Conclusion 
With the glass-to-glass welding data from USP laser systems, by using three different ML 

models, the average accuracy of this study can reach from 87% to 97%. With these predictive 

models, the values of parameters can be inputted before the experiments, the relevant probabilities 

or predictive results can be provided by the models. As a result, the costs of the experiment can be 

reduced, and some defects can be avoided as well.  

With specific pros and cons, all the three models can provide us some useful information for 

the future design of experiment. About the LR model, it provided the coefficients of the parameters. 

The coefficients can further provide information about how to adjust the parameters in the future 

trials for enhancing the successful rate. However, when the data point from parameters is not close 

or in the range of the previous training dataset, the predictive results from the LR may not be robust.  

About the CART model, it provided thresholds of the parameters in this study. The 

thresholds could be very useful for the design of experiment. The results from CART are also 
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explainable for researchers. However, although the thresholds are useful, when the number of 

nodes is large with not enough training data, overfitting may occur. In this situation, the model 

could not be generalized for future works.  

About the NN model, the structure is flexible. With the hidden layers in the model, more 

features from our raw data could be extracted and the non-linear relationships among the 

parameters could be discovered. As a result, NN has become one of the most popular machine 

learning models in recent years. However, the results from NN are not easy to explain. With a new 

dataset, NN can usually provide robust predictive results, but the decision-making process from 

the model may not be realized easier.  

In the next chapter, we are going to introduce another application of glass welding using 

lasers. The glass-to-aluminum welding will be introduced for expanding our understanding of the 

glass welding using lasers.  
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CHAPTER 6  

LASER GLASS WELDING WITH DISSIMILAR MATERIALS 

 

In previous chapters, we have completed experiments and data analysis for observing the 

performance of glass-to-glass welding using lasers. In order to expend our knowledge of glass 

welding, we conducted experiments for glass welding with metal. The performance of the welding 

process between glass and metal can be observed, and the results can be applied for more 

applications of welding between glass and dissimilar materials in the future.  

Recently, the technology and application of welding between glass and different metals have 

been studied in some leading research teams [38]. For example, NASA have completed a series of 

experiments for welding glass-to-glass and glass-to-metals by using femtosecond laser pulses [38]. 

In the relevant studies, the research progress can be applied in many fields such as aerospace, 

architecture, and smart devices. As a result, we can anticipate more demand of glass welding will 

occur. In many different metals, aluminum is one of the most common materials in the world. But 

in previous studies, there is still a lack of research work related to glass-to-aluminum welding 

using lasers.  

In this chapter, we mainly discuss an observation of welding between glass and aluminum. 

The content in this chapter is partially from a research article: Evaluation of bonding performance 

of laser welding between glass and aluminum [37]. In the past decades, welding between glass and 

metals using lasers have been studied. we summarized the relevant works in Table 6.1.  

 

 

 

 



   

48 

 

Table 6.1 Summary of glass-to-metal welding using lasers 

Author Year Material Summary 

Utsumi et al. 2007 Glass and copper A direct bonding of glass and copper 

using a 532 nm Nd:YAG laser with 5 ns 

pulsed laser. The maximum shearing strength 

was 690 kPa with a pulse energy of 300 μJ 

[39]. In the process, the samples were 

irradiated twice.  

Ozeki et al. 2008 Glass and copper Ozeki et al. reported a direct welding 

between copper and glass using femtosecond 

laser pulses with 16 MPa of joint strength. 

With the comparison between femtosecond 

and nanosecond laser systems, the fs-pulses 

showed less pulse energy than ns-pulses with 

similar performance [40]. 
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Table 6.1 (continued). 

Carter et al. 2014 Glass and different 

metals 

A series of results of welding between 

similar and dissimilar materials using 

picosecond laser pulses has been reported.  

The materials included fused silica, 

borosilicate, sapphire, silicon, copper, 

aluminum, and stainless. In summary, the 

successful welding works were usually 

depending on the requirements of surface 

flatness.  In the welding between borosilicate 

and aluminum, the welding strength can 

reach 113.6 MPa [41].  

Zhang et al. 2015 Glass and metals Aluminum, copper, and steel have been 

tested for glass welding in this study. In the 

welding process, pulse energy and translation 

velocity had been changed for reaching the 

optimal results. The highest shear strength 

can reach 2.34 MPa [42].  
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Table 6.1 (continued). 

Ciuca et al. 2016 Glass and Aluminum The observation in the weld zone 

between fused silica glass and aluminum by 

using a picosecond laser system had been 

reported [43]. The focal position of the laser 

beam had been located with 1.2 μm diameter 

slightly below the surface of the metal 

substrate. In this study, the detailed 

information from SEM and EDS of the 

welding process has been provided [43].  

Lin et al. 2017 Quartz and anodic 

aluminum oxide 

In this study, the optimal bonding 

strength can reach 8 kg with the welding 

between quartz and anodic aluminum oxide. 

The parameters under the condition of 2 W of 

laser power, 100 m/s of scanning rate, and 20 

kHz of repetition rate [44].  

Zhang et al. 2017 Glass and SiC This study demonstrated USP welding 

between SiC and fused silica and can reach 

15.1 MPa in the testing of shear strength. The 

main adjustable parameters included pulse 

energy and interval of the welding lines [45].  
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Table 6.1 (continued). 

Carter et al. 2017 Glass and Aluminum An analysis of picosecond laser 

welding between aluminum alloy and glass 

have been provided. With unchanging the 

other parameters, the impacts of the pulse 

energy and focal plane on the welding 

performance were discussed with a double-

pass of the welding process [46].  

Li et al. 2018 Glass and titanium A method of elemental diffusion had 

been applied in the welding between glass 

and titanium. With the laser surface 

treatment, the welding strength can be 

significantly improved to 6.49 MPa [47].   

Matsuyoshi et al. 2018 Glass and copper A study of welding between glass and 

copper using femtosecond lasers with a rough 

surface had been reported. With the focal 

position near the interface between glass and 

copper, the parameters included scanning 

speed, line interval, and focal position were 

adjusted [48].  
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Table 6.1 (continued). 

Wu et al. 2019 Glass and steel An observation of laser welding 

between glass and steel has been reported. 

The common defects including porosity and 

spatter were observed. The conditions to 

avoid the defects were summarized such as 

decreasing the size of keyhole entrance and 

the deformation of the top rear keyhole wall 

[49].  

Li et al. 2021 Glass and copper A study of welding between glass and 

copper using femtosecond laser pulse bursts 

had been demonstrated. With the adjustment 

of pulse energy and focal position, the 10.9 

MPa of the welding strength can be achieved 

[50].  

Floropoulos et al. 2021 Glass and aluminum A study of welding between glass to 

aluminum using nanosecond IR fiber lasers 

had been recorded. Compared with USP 

lasers, the nanosecond IR laser source in this 

study can be seen as a low-cost tool in laser 

welding works. With the cost-effective 

method, the welding strength can reach 12.01 

MPa [51].  
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Table 6.1 (continued). 

Min et al. 2021 Glass and aluminum With the condition of optical contact, 

welding between high-alumina glass and the 

aluminum alloy by using a millisecond pulse 

laser had been completed. The adjustable 

parameters included laser power, pulse 

duration, and the frequency. When the laser 

power is 100 W, laser frequency is 10 Hz, and 

the pulse width is 2.5 ms, the better 

performance of the welding strength can be 

achieved [52].  

Although there are some works have been reported in glass-to-metal research work, there is 

still a lack of studies focuses on the data analysis and prediction for the welding performance using 

parameters. In the next part, we will introduce the experimental setup.  

6.1 Experimental Setup and Parameters 

A ns laser system has been applied in this study. The wavelength is 1,064 nm with maximum 

pulse energy is 1 mJ, and the maximum average power is around 20 Watts. The pulsed duration is 

100 ns, and the range of repetition rate is from 20 to 200 kHz, and the beam diameter is around 8 

mm. The welding samples include glass and aluminum alloy substrate. The glass type is Eagle XG 

from Corning Corp. with the size of 75 × 25 × 0.7 mm. The type of aluminum alloy is Al5052 

with the size of 75 × 25 × 3 mm.  
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Four parameters were observed in this study including power (Watt), repetition rate (kHz), 

scanning speed (mm/s), and the scanning cycles. Focal position and the clamping force were not 

changed in this experiment.  

 

Figure 6.1 The laser welding system  

 

Figure 6.2 A bulge on aluminum substrate after welding 

 

Figure 6.3 A groove on glass substrate after welding 
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Figure 6.4 The jig for measurement 

6.2 Data Analysis 
After the experiment, we collected the data of bonding strength and the value of the 

parameters. We summarized the average shear strength from the fifty-four samples. In Figure 6.5, 

each level of power includes eighteen samples with the data of the bonding strength from our 

measurement. It showed that 50% of the power (around 6.97 watt) in this experiment can make 

better average bonding strength (98.5 N) than the other two levels.   

 

Figure 6.5 Bonding Strength with different power 

In Figure 6.6, each level of scanning speed of the laser system includes eighteen samples 

with the data of the bonding strength from our measurement. It showed that 100 mm/s of the 

scanning speed in this experiment can make better average bonding strength (96.1 N) than the 

other two levels.  
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Figure 6.6 Bonding Strength with different scanning speed 

In Figure 6.7, each level of cycles of the laser system includes eighteen samples with the 

data of the bonding strength from our measurement. It showed that three times of the cycles in this 

experiment can make better average bonding strength (96.1 N) than the other two levels.  

 

Figure 6.7 Bonding Strength with different Cycles 

Finally, in Figure 6.8, two levels of the repetition rate both include twenty-seven samples 

with the data of the bonding strength from our measurement. It showed that thirty kHz of the 

repetition rate in this experiment can make better average bonding strength (88.4 N) than the other 

level.  
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Figure 6.8 Bonding Strength with different Repetition Rates 

6.3 Analysis of Variance (ANOVA) 

Analysis of Variance (ANOVA) is a useful and common statistical method for detecting 

whether the means of the dependent variable in different levels of the independent variable(s) are 

equal [53]. In this study, since we analyzed the four parameters at the same time, we further used 

ANOVA for detecting the significance of the parameters and detected the interaction effects.  

Table 6.2 Results of ANOVA 

Parameter Degrees of Freedom F value p-value 

Power 2 2.7  0.08* 

Speed  2 1.5 0.23 

Repetition Rate 1 0.4 0.54 

Cycles 2 6.7    < 0.01*** 

Power × Speed 4 2.3    0.08* 

Power × Cycles 4 2.3     0.08* 

Note: *p < 0.1; **p < 0.05; ***p < 0.01. 

In table 6.2, power (watt), cycles (times), the two interaction terms were significant (p < 0.1).  
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It means that if we would like to build the prediction model, the interaction effects should be 

considered. A series of detection of the error terms has been conducted for this model. In Figure 

6.9, there was no specific pattern in the scatter plot of the residuals. It means most of the crucial 

parameters have been put in the ANOVA model.  

 

Figure 6.9 Plot of residuals 

In Figure 6.10, it seems that most of the residuals are close to the line without many outliers. 

It means the points can fit the normal distribution.  

 

Figure 6.10 Q-Q plot of residuals 
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Finally, the value of the statistics in Shapiro-Wilk normality test is 0.98 and the relevant p-

value is 0.56, it means there is no statistical evident to reject that the residuals are from normal 

distribution. From the results, we can conclude that the results from the ANOVA model does not 

violate relevant statistical hypotheses.  

6.4 Prediction of the welding results 

In this section, for better applying the results from data analysis, we further constructed 

Logistic Regression models (LR) for predicting the quality of the welding results. Since the 

interaction terms were significant in our ANOVA model, we added the two interaction terms into 

the LR model for the prediction. In this study, we collected fifty-four successfully samples. We 

separated the samples into two groups, the first group (twenty-one samples) included the samples 

with the shear strength larger than 100 N. The second group included the remaining thirty-three 

samples.  

Table 6.3 Accuracy of the LR models 

Model 
% of data for testing 

Average 

Accuracy 

30% 40% 50% 

LR with interaction terms 81.2% 81% 77.8% 80% 

 

The predicting results have been summarized in Table 6.3. With the testing data from 30% 

to 50%, the average accuracy from the LR model is 80%. The results showed that for the purpose 

of improving the welding strength, the values of the four parameters and the relevant interaction 

terms we analyzed can be applied to the similar experiment.  

6.5 Conclusion 

In this study, a work of glass-to-aluminum welding using ns lasers has been completed. From 

the measurement of shear strength, data from fifty-four samples was recorded. The welding 

strength with different values of parameters was also provided. Furthermore, we also conducted 



   

60 

 

data analysis and prediction using ANOVA and LR models. In the process of data analysis, we 

further discovered the significance of the interaction terms among the parameters. By using the 

values of the parameters and the relevant interaction terms, the LR models can provide 80% 

average accuracy for predicting whether the shear strength can reach 100 N. With the cost-effective 

laser system, the results in this study can be anticipated to apply in similar experiment for 

enhancing the quality of welding between glass and aluminum. In the next chapter, we will 

introduce the conclusion of this study. The experience of glass welding using lasers and relevant 

future work will be described as well.  
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CHAPTER 7  

CONCLUSIONS 

 

In this study, glass welding using lasers has been explored. The experiments of glass-to-glass and 

glass-to-aluminum have been discussed. There are many challenges in glass welding using lasers. 

The difficulties include that glass is fragile and can present cracks easily. Despite many advantages 

of laser systems, the cost of using laser systems is usually higher than other tools, so the efficiency 

of the experiments using lasers must be enhanced. There are some relevant experiments have been 

completed in the past decade, however, the data analysis was seldom applied in the analysis 

process in glass welding. In addition, the sample sizes of the previous studies usually not enough 

for conducting suitable process of data analysis. Besides, in relevant glass welding works, there is 

a lack of studies investigating more than three parameters from the laser systems. As a result, 

researchers usually have to begin with a lot of new trials before a successful process of glass 

welding using lasers.  

Comparing to previous studies, we completed the experiments of glass welding and recorded 

the data from larger size of samples. After a series of data analysis, different numerical models 

have been conducted. From our results, the statistical models can provide the importance of each 

parameter and can detect the interactions among the parameters. The ML models helped us for 

predicting the results of the welding works. By the data analysis, we reported the importance of 

the parameters in our experiments and the predictive results of the experiments. As a results, by 

using these models appropriately in the works of glass welding, researchers can take advantages 

from the models not only in the parameters’ selection but in the predictive process before the 

experiments. If the researchers can select the adjustable parameters and predict the results 
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appropriately, the success rate of the experiment could increase. In other words, the similar works 

can refer to our models for making the relevant experiments easier in the future. 

Furthermore, we have used different methods for exploring the effects of different 

parameters in the laser systems. In our experience from experiments, the parameters we selected 

and adjusted can usually fulfill our requirements of the welding results. In other words, for a 

successful glass welding work, we may not need to adjust parameters other than the parameters in 

this study. On the other hand, from the data analysis of welding between glass and aluminum, we 

found some interactions among the parameters. Since all the parameters can somewhat affect the 

welding results, for further understanding the mechanisms, more studies focus on the interactions 

among parameters can be conducted in the future. In the future works, the costs of related 

experiments by laser systems could be saved by the experience of parameters adjustment from this 

study.  

Due to the consideration of cost from experiments, limited samples were recorded in this 

study. In the future, more data from our laser systems can be recorded and can usually provide 

more abundant results from the process of data analysis and prediction. In addition, USP lasers 

can also be applied in the works of glass-to-aluminum welding in the future for investigating the 

difference among laser systems. Comparing with glass-to-glass welding, glass-to-metal welding 

can be seen as one of the latest applications using lasers. There are only several studies relevant to 

glass-to-metal welding using lasers. However, the technology of glass-to-metal welding can be 

widely used in industries. It is worthwhile to fill the research gaps of the glass-to-metal welding 

using lasers. Finally, there are a plenty of different types of glass and metals. In the future, from 

the process of experiments and data analysis, more materials can be welding using lasers for 

expanding the applications in industries.  
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In summary, laser has become one of the most important tools for machining in the past 

decade. In the near future, laser machining in glass-to-glass and glass-to-metal will become 

fundamental knowledge in the manufacturing of aircraft, space stations, space equipment, vehicles, 

and smart devices, etc. Although glass welding using lasers is still a difficult task, we hope the 

findings and experience from this study can expand the knowledge and can fill some gaps in the 

research and practical fields.  
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