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Abstract 

 

An Analysis of the Feasibility of Predictive Process Control of Welding 

Applications Using Infrared Pyrometers and Thermal Metamodels 

 

 

 

 

George Ray Ely, M.S.E. 

The University of Texas at Austin, 2010 

 

Supervisor:  Carolyn C. Seepersad 

 

Predictive process control (PPC) is the use of predictive, physical models as the 

basis for process control [1]. In contrast, conventional control algorithms utilize statistical 

models that are derived from repetitive process trials. PPC employs in-process 

monitoring and control of manufacturing processes. PPC algorithms are very promising 

approaches for welding of small lots or customized products with rapid changes in 

materials, geometry, or processing conditions. They may also be valuable for welding 

high value products for which repeated trials and waste are not acceptable. In this 

research, small-lot braze-welding of UNS C22000 commercial bronze with gas metal arc 

welding (GMAW) technology is selected as a representative application of PPC. Thermal 

models of the welding process are constructed to predict the effects of changes in process 

parameters on the response of temperature measurements. Because accurate thermal 



 vii 

models are too computationally expensive for direct use in a control algorithm, 

metamodels are constructed to drastically reduce computational expense while retaining a 

high degree of accuracy. Then, the feasibility of PPC of welding applications is analyzed 

with regard to uncertainties and time delays in an existing welding station and thermal 

metamodels of the welding process. Lastly, a qualitative residual stress model is 

developed to nondestructively assess weld quality in end-user parts. 
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Chapter 1:  Introduction 

Predictive process control (PPC) is the use of predictive, physical models as the 

basis for process control [1]. In contrast, conventional control algorithms utilize statistical 

models that are derived from repetitive process trials. PPC employs in-process 

monitoring and control of manufacturing processes. The concept has potential 

applications in numerous areas of manufacturing. For the scope of this research, small-lot 

braze-welding of UNS C22000 commercial bronze is selected as a representative 

application of PPC. 

Predictive process control is not as prevalent as statistical control because 

implementation of PPC involves a number of challenges.  First, physical models of the 

manufacturing process must be constructed and validated over the processing region of 

interest.  Second, since these models are often detailed and computationally expensive, 

they must be converted into alternative forms, such as reduced order models or surrogate 

metamodels that can be executed rapidly enough to enable real-time process monitoring 

and control.  Third, some form of inversion is required to utilize the models in control 

applications.  Most physical models accept process control parameters, such as speed and 

energy levels, as input and predict observable parameters, such as temperature fields and 

weld pool sizes.  In contrast, monitoring and control applications need efficient 

techniques for adjusting process control parameters to deliver a target set of observable 

parameter values or to correct a set of undesirable values for those parameters.  These 

techniques may take the form of inversion of the models themselves or of coupling the 

models with fast, reliable, and effective optimization algorithms.  Finally, these inverted 

models or optimization algorithms must be embedded within an overall control strategy. 
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1.1 MOTIVATION 

For welding applications, predictive process control and conventional control 

algorithms have very different implications.  Statistical models are useful for establishing 

windows of allowable process parameters (e.g., weld speed and power) for producing 

acceptable welds, but as soon as geometries, materials, or processing conditions change 

significantly, new empirical tests must be performed to collect a new set of statistical 

process data.  In contrast, physical models can be formulated to predict the effects of 

changes in material properties, geometry, and other process variables on observable 

parameters, such as temperature, so that PPC algorithms can accommodate these changes 

without extensive empirical testing.  Accordingly, PPC algorithms are very promising 

approaches for welding of small lots or customized products with rapid changes in 

materials, geometry, or processing conditions.  They may also be valuable for welding 

high value products for which repeated trials and waste are not acceptable. 

 

1.2 RESEARCH OBJECTIVES 

This research focuses primarily on the feasibility of PPC using an existing semi-

automated welding station and thermal metamodels. The inversion of models, creation of 

control algorithms, and implementation of online control are beyond the scope of this 

research. Instead, this research focuses on three main objectives. The first objective is to 

evaluate the feasibility of PPC using metamodels and an existing welding station. The 

second objective is to establish a set of criteria for PPC. These criteria are used to guide 

the construction of thermal metamodels of the welding process. The final objective is to 

develop a qualitative model for assessing weld quality. 
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1.2.1 Evaluate Feasibility of PPC Using Metamodels and Current Welding Station 

The effectiveness of PPC depends on accurate measurements and predictions of 

observable parameters, identification and control of suitable process parameters, and 

minimal time delays. The measurements and predictions of observable parameters are 

evaluated for accuracy and uncertainty. Next, the welding process is analyzed for all 

significant process parameters. The input parameters for a PPC algorithm are selected 

based on the ability to effectively control the parameter and its effects on the process. 

Finally, the entire welding and control process is examined for potential time delays. 

 

1.2.2 Establish Criteria for PPC and Construct Metamodels of Welding Process 

Because of the computational expense of accurate physical models, surrogate 

models or metamodels are constructed to predict the response of observable parameters. 

Numerous metamodeling techniques exist in the literature. To select the most appropriate 

technique, a set of criteria is developed to assess the performance of metamodels for PPC 

applications. Performance metrics are selected to quantitatively compare the merits of the 

most promising metamodeling techniques. 

 

1.2.3 Develop Method for Qualitatively Assessing Weld Quality 

Predictive process control dictates that small lot, end-user parts must be 

nondestructively assessed for quality. Residual stresses are a common mode of failure in 

welded parts. Therefore, a mechanical model is developed to qualitatively assess residual 

stresses in the welded specimen. The mechanical model will be validated against 

previous research on measurements and predictions of residual stress. 
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1.3 OVERVIEW OF THESIS 

This thesis is composed of seven chapters. Chapter 2 evaluates the feasibility of 

PPC using an existing welding station, infrared pyrometer temperature measurements, 

and metamodels. Chapter 3 summarizes previous research in modeling residual stresses 

and provides an overview of promising metamodeling techniques for PPC. A set of 

criteria for evaluating five promising metamodeling techniques for PPC are developed in 

Chapter 4. Then, the criteria are used in the remainder of the chapter to compare 

metamodels of the temperature field of the top surface of a weld specimen. In Chapter 5, 

metamodels are constructed to predict the effects of changes in process parameters on the 

measurements of infrared temperature sensors. The candidate techniques are evaluated 

based on the criteria developed in Chapter 4.  Next, mechanical models are created in 

Chapter 6 to qualitatively assess the effect of changes in process parameters on weld 

quality. Finally, conclusions and recommendations for future work are discussed in 

Chapter 7. 
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Chapter 2: Feasibility of Predictive Process Control Using Metamodels 

and Infrared Pyrometers 

To determine the feasibility of predictive process control (PPC) for welding 

applications, the capabilities of the current hardware and models must be evaluated. A 

future control algorithm requires the experimental setup to accurately adjust process 

parameters as instructed by a set of predefined rules. Potential candidates for controllable 

process parameters are selected from the total pool of process variables. For the scope of 

this research, temperature is selected as the most appropriate observable parameter. Then, 

the feasibility of controlling the selected process parameters is discussed. Since the 

accuracy of measurements and predictions of the observable parameter is critical to the 

successful implementation of a controls scheme, the accuracy and sensitivity of 

temperature sensors are estimated to determine their suitability for PPC. Finally, time 

delays are important to consider in controls applications.  Therefore, the entire 

experimental setup is analyzed for time lag considerations. 

 

2.1  CAPABILITIES OF THE WELDING STATION 

An existing semi-automated welding station (Figure 2.1 and Figure 2.2) is 

evaluated for use in a PPC framework. Backlund designed the welding station with 

flexibility for future evolution guidelines [2]. By adhering to these guidelines, the 

welding station permits the adjustment of several welding process parameters. The ranges 

of these process variables are summarized in Table 2.1. The guidelines also encourage 

features designed to simplify future evolutions. The ability to easily reconfigure the 

welding station simplifies the addition of temperature sensors as well as other 

enhancements to facilitate the control of process parameters. 
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Figure 2.1: Welding test station. Taken from reference [2]. 

 

 Figure 2.2: Schematic of experimental setup 
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In Section 2.1.1, the current temperature measuring capabilities of the welding 

station are evaluated to determine their suitability for PPC. Based on this evaluation, 

infrared temperature sensors are added to fulfill the requirements of PPC. An overview of 

infrared pyrometer technology is provided as well as a description of the integration of 

the sensors in the welding station. Then, the welding process is overviewed in Section 

2.1.2 and analyzed for important process variables. Two influential process variables are 

selected as the controllable variables of the PPC algorithm. The welding station revisions 

required to control the process parameters are also discussed.  

 

Table 2.1: Process parameter ranges of welding station [2] 

Tunable Process Parameter Parameter Range 

Traverse Speed 0 – 120 in/min 

Weld Voltage 17 – 29.5 VDC 

Wire Feed Rate 50 – 800 in/min 

Weld Pass Length 0 – 12 in 

Weld Gun Height Any 

Weld Gun Angle ± 90° 

Number of Weld Passes 1 – 3 

Specimen Length 1 – 12 in 

 

2.1.1  Temperature Measurements 

The welding station was originally configured to acquire temperatures exclusively 

from thermocouples. The thermocouple data acquisition is coordinated by LabVIEW [3] 

and National Instruments (NI) hardware. Specifically, up to eight k-type thermocouples 

are connected to NI SCC-TC02 modules inside a NI SC-2345 signal conditioning 

connector block. The connector block sends data to the NI PCI-6229 data acquisition 

board. However, the thermocouples have limitations for welding applications and PPC. 
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For instance, spot welding thermocouples on the weld specimens could violate the 

nondestructive nature of PPC. Depending on the specifications of the end-user, the minor 

damage caused by spot welded could be unacceptable. Another concern stems from the 

restrictions caused by welding the temperature sensor directly to the surface. By fixing 

the thermocouple directly to the work piece, the temperature measurements are taken in 

relation to the coordinate system of the work piece instead of the coordinate system of the 

weld zone. Because a control algorithm will need temperature data near the weld zone, 

fixing the temperature sensors relative to the weld specimen is counterproductive. 

Therefore, thermocouples can assist in validating models but should not be used for an 

implementation of PPC. 

Infrared pyrometers solve the need for temperature sensors that are not mounted 

directly on the work piece. Pyrometers measure the thermal power due to radiation given 

by the Stefan-Boltzmann equation: 

 

 

 

where I is the thermal intensity,  is the material’s emissivity,  is the Stefan-Boltzmann 

constant equal to approximately 5.67 x 10
-8

 Wm
-2

K
-4

, T is the absolute temperature of the 

material, and Ta is the absolute ambient temperature. By assigning the infrared pyrometer 

an emissivity and ambient temperature, Equation 2.1 can be easily rearranged to solve for 

the temperature of the material. Because the process does not require contact with the 

weld specimen, temperatures can be measured without damaging the final product. The 

lack of contact also allows the infrared pyrometer to operate on a separate coordinate 

system from the weld specimen. In particular, the new coordinate system can be created 



 9 

relative to the weld zone to provide constant feedback to a control algorithm regarding 

the temperature distribution surrounding the weld pool. 

The current experimental setup utilizes Omega OS554A Range 6 infrared 

pyrometers connected to a NI 9239 analog input module and integrated into LabVIEW 

[3]. Custom mounting brackets were designed to fixture the infrared pyrometers in 

relation to the weld pool. For convenience, the brackets are attached to the same circular 

beam as the weld torch. The brackets were designed to allow flexibility in the positioning 

of the pyrometers relative to the weld zone. The final design (Figure 2.3) utilizes the 

circular beam to allow rotations and translations. These movements accommodate the 

desired coordinate location of the pyrometer’s focus relative to the center of the weld 

pool. An additional degree of freedom is added to adjust the height of the pyrometer. The 

ability to change the height is essential because the field of view of the pyrometers is 

based on the distance from the work piece. To minimize the field of view and therefore 

measure the temperature over the smallest possible spot size, the height needs to be 

positioned at approximately 15.2 cm. Two channels with set screws are used to adjust the 

infrared pyrometer’s distance from the work piece without changing the coordinate 

location relative to the weld pool. Figure 2.4 shows two infrared pyrometers integrated 

into the welding station. 
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Figure 2.3: Infrared pyrometer mount design in SolidWorks [4] 

 

Figure 2.4: Installed infrared pyrometers 
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2.1.2  Controllable Process Variables 

Gas metal arc welding (GMAW) is a consumable electrode welding process. 

Typically, the filler metal and an inert gas are simultaneously fed through a trigger 

activated weld gun. The filler metal acts as the electrode causing melting of the filler 

metal and some desired quantity of base metal. An inert gas such as Argon surrounds the 

molten metal to prevent oxidation and other defects. 

The quality of a gas metal arc weld depends on successfully selecting several 

process variables. Backlund [2] compiled the effects of the major process parameters of 

gas metal arc welding (Table 2.2). The success of a predictive process control algorithm 

depends on selecting the most appropriate process variables to control. The values of the 

remaining variables are set before the welding process begins and are maintained at a 

constant value throughout the process. Based on the existing test station and welding 

machine setup (e.g. a Miller Millermatic® 251 power source with Miller Spoolmatic® 

15A weld gun), the weld voltage must be set to a single value for the entire weld. 

Similarly, preheating conditions and the shielding gas cannot be adjusted during the 

welding process. The current welding power source has no features for adjusting pulse 

parameters. Therefore, the only controllable variables remaining are welding speed and 

wire feed rate/current. Based on the list of effects in Table 2.2, controlling welding speed 

and wire feed rate/current account for the majority of the effects. 
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Table 2.2 Process variables and corresponding effects [2] 

Parameter Effects 

Weld Voltage - Penetration 

- Back bead width 

Welding Speed - Residual stress 

- Heat affected zone 

- Bead geometry 

Feed Rate/Current - Penetration depth 

- Bead width 

Pulse Parameters - Weldability of thin sheets 

- Residual stress 

Preheat Conditions - Bead appearance 

- Residual stress 

Shielding Gas - Process stability 

- Bead appearance 

- Heat input 

 

2.1.2.1 Variable Traverse Speed 

The welding speed or traverse speed effectively controls the total heat input of the 

welding process. For a constant voltage and current, adjusting the traverse speed alters 

the amount of time heat is added to the base material and therefore proportionally affects 

the total heat input. The ability to control the total heat input makes the traverse speed an 

ideal candidate for use in a control algorithm. The welding station uses a MCG IH23013-

E1 brushless servo motor with a Stober Drives Inc. PE202SP0250M ServoFit® planetary 

gearhead (Figure 2.5). The motor is controlled through LabVIEW with a NI PCI-7340 

motion controller, NI UMI-7764 universal motion interface, and a Parker Hann Corp. E-

AC compumotor. Upgrading the test station for variable traverse speed will only require 

changes to the existing LabVIEW software control file used to control the motor and 

acquire temperatures. 
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Figure 2.5: Welding station stepper motor 

 

2.1.2.2 Variable Wire Feed Rate 

The wire feed rate is related to the current and adjusts the weld penetration and 

bead width. Controlling the wire feed rate requires adjustments to both the hardware and 

the LabVIEW software control file. As sold by the manufacturer, the Miller Spoolmatic® 

15A weld gun feeds the weld wire using a 24V DC motor. The wire feed rate is 

controlled by adjusting the voltage sent to the DC motor. The weld gun contains a 

potentiometer that interacts with a controller to send the proper voltage to the motor and 

the corresponding feed rate to a digital display. The first task was to evaluate the 

relationship between voltage and the feed rate outputted to the digital display. Figure 2.6 

shows that the feed rate of the weld gun is strongly linearly dependent on voltage 
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Figure 2.6: Relationship between wire feed rate and voltage 

Since the relationship between wire feed rate and voltage is linear, the DC motor 

can be easily controlled through LabVIEW. A NI SCC-FT01 feed through module is 

added to an existing NI SC-2345 signal conditioning connector block. The feed through 

module allows access to the analog voltage output channel of the connector block 

attached to the NI PCI-6229 data acquisition board. The hardware allows LabVIEW to 

output a voltage between 0 and 5 volts. Because the weld gun requires a range of 

approximately 2 to 8 volts, the signal from the hardware needs to be amplified. A 

KEPCO 20-20M bipolar operational power supply/amplifier was selected due to 

availability. For simplicity, a gain of 2 was chosen for the amplifier. 

The next step was connecting the newly created power source to the DC motor 

used to control the wire feed rate. The weld gun uses a single pole double throw (SPDT) 

snap switch (Figure 2.7) to control power to the controller. The controller then sends 

separate currents to power the DC motor and the welding arc. Because the controller 
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interacts with the power to the welding arc, it must remain attached to a switch. To add 

on/off control to the wire feed motor, the SPDT switch was upgraded to a double pole 

double throw switch (DPDT). The new ITW Switches 22-504 DPDT snap switch has the 

same current ratings as the ITW Switches 11-304 SPDT snap switch originally installed 

in the weld gun. Upgrading to the DPDT switch allows the trigger mechanism to control 

the current to the existing controller (and therefore the welding arc) and the wire feed 

motor while maintaining electrical isolation. 

 

 

Figure 2.7: SLS nylon 12 part created to house new DPDT switch (left) and original 

SPDT switch (right) 

 The new snap switch carries the same basic specifications as the original SPDT 

switch except the additional pole significantly increases the height of the switch. 

Installing the switch requires cutting away a small portion of the weld gun’s injection 

molded casing. The new DPDT switch protrudes down from the opening in the casing as 
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shown in Figure 2.8. To support the switch, a custom casing extension was designed to 

integrate into the original casing. The part was designed in SolidWorks [4] and exported 

as a surface geometry (.stl) file. The surface geometry (.stl) file was used to manufacture 

a nylon 12 part in a HiQ Sinterstation selective laser sintering machine. The final part is 

shown in Figure 2.7 and the reassembled weld gun is shown in Figure 2.9. 

 

 

Figure 2.8: New DPDT switch installed inside weld gun 

 

DPDT 

Switch 
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Figure 2.9: Reassembled weld gun with added wire feed rate control 

The weld gun upgrade was performed on a second weld gun of the same model as 

the first to ensure the modifications do not alter the performance of the gun. To test the 

hypothesis that the wire feed rates of the original and upgraded weld guns were identical, 

an ANOVA test was conducted. A five level factorial experiment was created for both 

weld guns and one replication. The levels of the experimental design were evenly spaced 

between wire feed rate settings of 150 and 750 in/min. For the experiments on the 

unaltered weld gun, the wire feed rate settings were adjusted according to the output on 

the digital display. The wire feed rate settings for the upgraded weld gun were adjusted 

by setting the voltages based on the linear relationship between voltage and wire feed rate 

shown in Figure 2.6. Each experiment measured the length of the wire exposed after 

depressing the weld gun trigger for 15 seconds. The resulting lengths were used to 
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calculate the actual wire feed rates, which serve as the dependent variable of the ANOVA 

test. The twenty data points were taken in random order to avoid biasing the results with 

an uncharacterized effect. Minitab [5] was used to test for the statistical significance of 

wire feed rate, weld gun, and their interaction effect. 

For an ANOVA test, the null hypothesis is that a factor has no effect on the 

dependent variable. An F-test is used to test the null hypothesis and determine an 

appropriate p value. The p value represents the (1-α) level of confidence for rejecting the 

null hypothesis. Therefore, for a common α value of 0.05, the null hypothesis cannot be 

rejected for a p value greater than 0.05. Based on the results of the analysis (Figure 2.10), 

the null hypothesis that the feed rate setting has no effect on the measured wire feed rate 

can be rejected at an α value of 0.05. The effect of the interaction between the measured 

wire feed rate and weld gun can also be rejected at an α value of 0.05. Meanwhile, the 

hypothesis that the weld gun has no effect on the measured wire feed rate could not be 

rejected at an α value of 0.05. 

 

 

Figure 2.10: Results of Minitab ANOVA test 
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The results of the ANOVA test show that it cannot be proven that the difference 

between the new weld gun with wire feed rate control and the original weld gun is 

statistically significant. As expected, the wire feed rate settings have a strong effect on 

the actual wire feed rates. The significance of the interaction between wire feed rate 

settings and weld gun is a cause for concern. To further analyze the interaction effect, an 

interaction plot was created in Minitab. The graph in Figure 2.11 shows no clear 

interaction effect between measured wire feed rate and weld gun. The plots are nearly 

horizontal as expected due to the low statistical significance of the weld gun. The 

interaction effect can also be considered insignificant because the slopes of the lines 

appear to be randomly distributed. Overall, the experiments and ANOVA test support the 

use of the upgraded welding gun without any further adjustments. 

 

 

Figure 2.11: Interaction plot of measured wire feed rate vs. the (1) upgraded and (2) 

unaltered weld guns 

 While analyzing the results of the weld gun experiments, the wire feed rate digital 

display appeared to incorrectly estimate actual wire feed rates. To explore this 
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hypothesis, a linear fit was applied to the same twenty wire feed rate experiments in 

Minitab. The resulting line in Figure 2.12 shows that the actual wire feed rate is 

significantly lower than the wire feed rate reported by the digital display. The least 

squares regression line has a strong R
2
 value of 0.994. Therefore, in future documentation 

of experiments the wire feed rate setting will always be converted to actual wire feed rate 

according to the linear equation shown in Figure 2.12. 

 

 

Figure 2.12: Linear fit of actual wire feed rate versus feed rate setting 

 

2.2  TEMPERATURE ACCURACY CONSIDERATIONS 

Accurate temperature measurements and predictions are vital for a successful 

implementation of predictive process control. Accurate temperature measurements are 

necessary to properly convey the current condition of the process to the controller. 

Inaccurate measurements could lead to improperly adjusting process parameters. 
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Similarly, reasonably correct temperature predictions are required to appropriately predict 

suitable process parameters. 

 

2.2.1  Uncertainty Analysis of Infrared Pyrometer Temperature Measurements 

Omega advertises a ±1% intrinsic error in their OS554A infrared pyrometers. 

Additional errors can accumulate from improperly positioning the pyrometers and 

selecting an inappropriate emissivity. Estimates of these errors should be calculated to 

determine if infrared pyrometers are appropriate for PPC. The ranges of error in 

temperature predictions should also be known for understanding the sensitivity of the 

system and developing a control algorithm. For this section, errors will be estimated for 

the infrared pyrometer temperature measurements using a finite volume thermal model, 

which is described in Section 4.2.1. 

 

 

Figure 2.13: Coordinate system of weld specimen geometry 

The (x,y) coordinate position (see Figure 2.13) of the infrared pyrometer’s field of 

view on the top surface of the weld specimen relative to the weld zone and the distance 

between the temperature sensor and the work piece can both have significant effects on 

temperature measurements. The Omega OS554A Range 6 infrared pyrometers have a 

minimum field of view diameter of 3.9 mm at a distance of 15.2 cm from the weld 
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specimen. Increasing or decreasing the distance between the temperature sensor and the 

work piece decreases or increases, respectively, the diameter of the field of view and 

skews the results of the temperature measurements. Specifically, since the gradients of 

the temperature field become steeper with closer proximity to the weld zone, an increased 

spot size most likely captures a broader range of temperature measurements. Similarly, 

decreasing the y-coordinate position of the pyrometer includes steeper temperature 

gradients in the temperature sensor’s field of view. The inclusion of the steeper gradients 

results in higher temperature readings. The x-coordinate position of the infrared 

pyrometers is slightly less sensitive, but temperatures tend to be higher if the true x-

coordinate position is slightly smaller. The temperature increase can be attributed to the 

smaller x-coordinate corresponding to a point nearer the weld zone. 

In order to estimate the errors in temperature measurements, assumptions must be 

made on the target values and accuracy of the height and positioning of the infrared 

pyrometers. The height of the infrared pyrometer should be 15.2 cm to minimize the field 

of view for temperature measurements. The actual height is assumed to be within ± 1.5 

cm of the target height. Figure 2.14 shows the effect of height on the diameter of the field 

of view. The field of view should be located at the closest possible proximity to the weld 

zone without allowing the field of view to contain any molten metal, which strongly 

affects the emissivity of the surface. Minimizing this distance is important because it 

reduces the time delay in the system by decreasing the time required for heat in the weld 

pool to conduct to the field of view of the temperature sensors. Based on experimental 

results, the closest position is approximately y=7.9 mm and x=vt where v is the traverse 

speed of the weld specimen and t is the time elapsed from the time the beginning of the 

weld specimen (x=0) passed the weld gun. At x=vt, the weld gun and the infrared 

pyrometer are located at the same x-coordinate position. These coordinate positions 
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minimize the distance between the center of the weld pool and the field of view of the 

temperature measurements. The field of view is positioned using a small 650 nm red laser 

attachment with a diameter of approximately 5 mm. Because the laser is positioned on a 

cross-hair etched on the target position, the actual (x,y) coordinate position of the field of 

view can be assumed to lie inside the perimeter of the laser spot size. Therefore, the (x,y) 

coordinate position is assumed to be within ± 2.5 mm of the target position. 

The targets and tolerances for the diameter and position of the field of view are 

used to approximate the range of errors. The infrared pyrometers are assumed to average 

the temperatures of the surface within the field of view. Therefore, the measured 

temperatures of the pyrometer are represented by averaging the temperatures at each node 

of the finite volume model within the field of view. Using the input parameters from the 

experiments conducted in Section 4.2.3 (e.g. a heat input of 2060 W and a traverse speed 

of 6.35 mm/s) and assuming optimal values of infrared pyrometer positioning, the 

predicted temperature is 629 K. The errors due to different errors in positioning are listed 

in Table 2.3. 

 

Table 2.3: Estimates of error in temperature measurements 

Source of Error Magnitude of Error 

Incorrect height (± 1.5 cm) + 10.0 K 

Incorrect x position (± 2.5 mm) + 27.4 / - 48.9 K 

Incorrect y position (± 2.5 mm) + 131.6 / - 67.9 K 

Incorrect Emissivity (- 0.1) - 16.1 K 

Intrinsic pyrometer error (± 1%) + 6.3 / - 6.3 K 

Total RMSE + 134.9 / - 85.4 K 

RMSE without positioning errors + 6.3 / - 17.3 K 
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Figure 2.14: Effect of height of infrared pyrometer on diameter of field of view 

The error due to incorrectly estimating the emissivity can be predicted using the 

Stefan-Boltzmann equation (Equation 2.1). Excluding the region of molten metal, the top 

surface of the weld specimen is coated with high temperature black paint to force the 

emissivity to an assumed value, , of 0.96. Assuming the actual temperature of the 

weld specimen is 629 K and ambient temperature is 300 K, the thermal intensity, I, can 

be calculated for the true but unknown emissivity. Then, the measured temperature for 

the assumed value of emissivity can be calculated by rearranging Equation 2.1: 

 

 

 

For example, if the true value of ε is 0.86, then the measured thermal intensity is 

approximately 7238 W/m
2
. However, the temperature is calculated with the assumed 
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emissivity value of 0.96. The  value of 0.96 corresponds to a measured temperature of 

612.9 K. Therefore, the -0.1 error in emissivity corresponds to a 13.1 K error in measured 

temperature. 

 The errors due to several sources are listed in Table 2.3 as well as the total root 

mean squared error (RMSE) of all the individual errors and the RMSE of the individual 

errors unrelated to pyrometer positioning. Since the individual errors are based on bounds 

of error rather than normal distributions, the errors are calculated for a very conservative 

worst case scenario. The RMSE is a less conservative estimate than the absolute worst 

case scenario (i.e. the sum of all the individual errors). Because RMSE accounts for the 

interactions of the sources of error (i.e. scenarios where sources of error compound or 

counteract effects of other sources of error), the method is a more realistic estimate of the 

total error. The total RMSE of the infrared pyrometers is larger than ideal and will affect 

any future control strategies. Fortunately, the majority of the error is sourced from 

positioning of the pyrometers which remain in constant position once calibrated. Because 

the control algorithm is primarily concerned with mid-experiment deviations in 

temperature, consistently present errors are less significant. These factors reinforce the 

need for particular care in the calibration of the infrared pyrometer positioning, and 

several welding trials to calibrate the positions of the infrared pyrometers may be 

beneficial. Additionally, a new infrared pyrometer mounting mechanism could be 

designed for more precise alignment and fine position adjustments. With proper 

positioning, the RMSE in temperature measurements falls in the more manageable range 

of + 6.3 / - 17.3 K. 
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2.2.2  Accuracy of Metamodel Temperature Predictions 

As discussed in Chapter 1, thermal metamodels of the welding process are 

required for a PPC algorithm. The proper adjustment of process parameters depends on 

the accuracy of the thermal metamodel predictions in conjunction with accurate 

temperature measurements. Since the measurements and predictions of temperature 

combine to form the basis of a control algorithm, the combined RMSE of both sources of 

error limit the capabilities of the control algorithm. Therefore, thermal metamodel 

accuracy becomes an important criterion for PPC of welding applications. Performance 

metrics for accuracy are developed in Section 4.3.1 and used to evaluate the metamodels 

developed in Chapters 4 and 5. In particular, the RMSE of temperature measurements 

without errors in pyrometer positioning will serve as a target for the order of magnitude 

of acceptable error in the metamodel temperature predictions.  

 

2.3  TIME LAG CONSIDERATIONS 

Predictive process control requires real-time adjustments to process parameters as 

determined by a control algorithm. The controller corrects the process parameters based 

on the temperature measurements of infrared pyrometers and predictions of thermal 

metamodels. In order to concisely control the process, fast and reliable data is required 

from both measurements and predictions. 

 

2.3.1  Time Delays in Temperature Measurements 

To minimize the response time of a PPC algorithm, changes in the temperature 

profile of the weld pool must be observed as soon as possible. To reduce the time 

required to monitor temperature changes, the infrared pyrometers should be positioned as 



 27 

close as possible to the weld pool. As mentioned in Section 2.2.1, experiments have 

determined that approximately 7.9 mm is the closest the infrared pyrometers can be 

positioned to the center of the weld pool. The time delay of UNS C22000 CuZn can be 

estimated by calculating the time required for the temperature to rise following a change 

in the heat flux at the weld pool. Parker et al. [6] approximated the thermal diffusivity by 

pulsing one side of a plate with a heat flux using the equation: 

 

 

 

where α is the thermal diffusivity, L is the uniform thickness of a plate, and t1/2 is half the 

time required for the back surface to reach a maximum temperature. The values of t1/2  

are assumed to be reasonable approximations of the time delays due to conduction inside 

the material. 

Given the temperature dependent thermal diffusivity [7] of CuZn and assuming 

the quantity L can also represent distances inside a plate, t1/2 can be calculated for various 

temperatures. Table 2.4 lists calculated values of t1/2 for initial temperatures of 323 K and 

673 K, which correspond to low and high values of thermal diffusivity. As expected, the 

lower thermal diffusivity at 323 K results in a more conservative estimate of the time lag 

in CuZn. 

 

Table 2.4: Estimates of time delay in temperature measurements 

Initial Temperature Diffusivity L Analytical t1/2 Numerical t1/2 

323 K 0.49250 cm
2
/s 0.79 cm 0.177 s 0.136 s 

673 K 0.57875 cm
2
/s 0.79 cm 0.151 s 0.126 s 
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 The results of the analytical solution are verified against a modified version of the 

finite volume thermal model developed in Section 4.2.1. The modified model reuses the 

same geometry, material properties, heat flux distribution, and boundary conditions. 

Small adaptations are applied to the time step and the method for applying the heat input. 

The time step is reduced to 0.01 s to provide a higher resolution. Meanwhile, the heat 

input is applied at the (x,y,z) coordinate (7.62, 0, 0) cm on the top surface of the weld 

specimen (see Figure 2.13) and remains stationary. The heat input is added for 0.1 s and 

then removed to simulate a heat flux pulse. The (x,y,z) coordinate (7.62, 0.79, 0) cm 

represents the position of the infrared pyrometer. The temperatures at this location are 

recorded for 1.0 s to monitor the temperature rise versus time. The time delay results are 

shown in Figure 2.15 and used to calculate the numerical estimates of t1/2 listed in Table 

2.4. The estimates of t1/2 are on the same order of magnitude but slightly lower than the 

analytical solution. A possible reason for the lower predicted time delays is the nature of 

the heat input. Because the heat is added evenly over the region of the weld pool using a 

square top hat distribution with a width of 3.18 mm, the centroid of the heat flux on the 

symmetric half of the weld specimen is actually at the (x,y,z) coordinate (7.62, 0.079, 0) 

cm. The small shift in the centroid of the heat input reduces the value of L and therefore 

reduces the value of t1/2. 

Overall, the analysis of the time delay in temperature measurements can be 

assumed to be less than 0.177 s, the most conservative value of the analytical and 

numerical solutions. Unlike some other sources of time delays, the conduction through 

the material is intrinsic to the material properties of the weld specimen and cannot be 

decreased by means such as additional computational power. A controls scheme must 

simply account for the time delay due to conduction in the material. Additionally, for 
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robust PPC of various materials, the time delay would increase or decrease inversely with 

the thermal diffusivity of the material. 

 

 

Figure 2.15: Normalized change in temperature after heat flux pulse 

  

2.3.2  Time Delays in the Control Algorithm 

In order to make informed and timely decisions on correcting welding process 

variables, a control algorithm must have a small computational footprint. The 

computational expense of a control algorithm can be separated into two major 

components, the prediction of temperatures by the thermal metamodels and the 

manipulation of the thermal data (e.g. optimization, integration, differentiation, etc.). The 

implementation of a control algorithm is beyond the scope of this work. Therefore, for 

this research, the primary focus of reducing time delays inside the control algorithm is 

minimizing the prediction times of the thermal metamodels. Temperature prediction time 
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becomes a vital criterion for evaluating the metamodels constructed in Chapters 4 and 5. 

In particular, the time delays in predicting temperatures should be on the same order of 

magnitude or smaller than the time delays in temperature measurements. The lower time 

delays in temperature predictions would allow the control algorithm to predict the impact 

of a change in process parameters before the change in temperature response is observed. 

 

2.4  CHAPTER SUMMARY 

After the addition of traverse speed and wire feed rate control, the welding station 

has potential for a successful implementation of PPC. The feasibility of PPC of welding 

applications will partially depend on the results of the metamodels constructed in 

Chapters 4 and 5. In particular, the accuracy and computational expense of metamodel 

temperature predictions affect the capabilities of a PPC algorithm. The accuracy of the 

models will need to be evaluated in conjunction with the uncertainty analysis of the 

infrared pyrometer temperature measurements. Depending on the results of the 

metamodels’ performance metrics, the positioning brackets of the infrared pyrometers 

may need to be replaced for additional precision. Finally, the total time delays in the 

experimental setup should be reviewed after the construction of the metamodels and after 

additional knowledge is gathered regarding the computational expense of candidate 

control algorithms. Therefore, this collection of information will be synthesized in the 

final chapter to form final conclusions on the feasibility of PPC of welding applications 

using infrared pyrometers and thermal metamodels.  
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Chapter 3:  Review of Existing Research 

A predictive process control (PPC) algorithm requires an accurate thermal model 

that can predict temperature profiles of the weld specimen in real time. One of the 

primary challenges is that accurate physics-based, thermal models of the welding process 

usually require computationally expensive software such as FLUENT
TM

 [8], while faster 

models, such as the analytical models of Rosenthal [9], are typically less accurate. 

Metamodeling or surrogate modeling is investigated as an alternative modeling technique 

for combining the accuracy of the detailed models with the speed of the faster models, 

thereby enabling real-time control of the welding process. Thermal models are also used 

as the input to the uncoupled thermal-mechanical analysis of residual stress. These 

mechanical models are required to characterize the effects of the process parameters 

dictated by the controls algorithm on the quality of the welded specimen. In this chapter, 

previous research on thermal and mechanical models of the welding process is reviewed 

and an overview of metamodeling is provided. 

 

3.1  PREVIOUS THERMAL AND MECHANICAL MODELS OF THE WELD ZONE 

Welding mechanics has been the topic of significant research. Several thermal-

mechanical analyses exist that predict residual stresses and distortions of the parent 

material [10-13] and the validation of these model predictions [14-17]. Unfortunately, the 

existing models are difficult to cross-analyze because of differences in geometry, 

materials, and processing parameters. The European Network on Neutron Techniques 

Standardization for Structural Integrity (NeT) observed this deficiency and developed a 

benchmark experimental and finite element simulation test case [18]. The specified test 

case was a single pass Gas Tungsten Arc Welding (GTAW) bead on steel plate weld with 
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standardized geometry and process parameters. The results of the thermal and residual 

stress predictions for each institution were collected and compared against measured 

results [19, 20]. Despite noticeable differences in material, geometry, and welding 

technique (e.g. GMAW versus GTAW), the volume of separately constructed single pass 

bead on plate models can provide excellent insight into appropriate model assumptions 

and assist in the qualitative analysis of the CuZn bead on plate weld results. 

The participants in the study were provided with basic welding parameters, stress-

strain curves of the material, details of the fixturing of the workpiece during welding, 

weld bead profile, weld fusion boundary, thermocouple data, and strain gauge readings. 

Based on the provided data, the various institutions were allowed to determine their own 

sets of assumptions for their thermal model including the heat source model, weld 

efficiency, heat transfer, finite element code, and meshing technique. A summary of each 

group’s assumptions is provided in Table 3.1. All seven groups utilized a commercial 

finite element code with a 3D analysis. Every group used symmetry to model half of the 

specimen and reduce computational expense. The heat source model was modeled in a 

variety of ways that can be split into two main categories, element birth methods and 

moving heat source techniques. The range of heat source efficiencies was also quite 

divisive and ranged from 60-100%. Heat transfer to the surroundings always included 

convection (except one parametric studies case), but opinions differed on the importance 

of radiation and emissivity. Based on the results of the round robin study, Smith and 

Smith [20] determined that the global heat input should be calibrated by matching 

temperature with ―far field‖ thermocouples at the mid length of the weld specimen. 
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Table 3.1: Summary of FE code and heat source model assumptions [20] 

Institution/Model FE Code Heat Source Model 

BE-FNC matched fusion 

boundary 

3-D FEAT and 3-D 

ABAQUS 6.4-1 20,320 

x 20-node elements 

- Moving Gaussian ellipsoidal 

(2.8 x 2.8 x 0.7 mm
3
) heat source 

- Element birth 

- 1.5 s start dwell 

BE-FNC low heat input 3-D FEAT and 3-D 

ABAQUS 6.4-1 20,320 

x 20-node elements 

- Moving Gaussian ellipsoidal 

(1.6 x 1.6 x 0.4 mm
3
) heat source 

- Element birth 

- 0.7 s start dwell 

Imperial College element 

birth 

3-D ABAQUS 6.4-1 

20,320 x 20-node 

elements 

- Moving Gaussian ellipsoidal 

(3.4 x 2.9 x 1.4 mm
3
) heat source 

- Element birth 

- 1 s start dwell 

Imperial College weld in 

situ 

3-D ABAQUS 6.4-1 

20,320 x 20-node 

elements 

- Moving Gaussian ellipsoidal 

(3.2 x 2.9 x 2.8 mm
3
) heat source 

- Element birth 

- Weld metal in situ 

INR sensitivity study 3-D ANSYS 7.1 5,330 x 

8-node elements 

- Moving heat source (uniform 

heat generation at nodes) 

- 1.5 s start dwell 

JRC-UP heat generation 

rate 

3-D ANSYS 8.0 8,140 x 

20-node elements 

- Uniform heat generation per 

unit volume of melted metal 

- Element birth 

- No start dwell 

JRC-UP prescribed 

temperature 

3-D ANSYS 8.0 8,140 x 

20-node elements 

- Weld melted zone held at 

prescribed initial temperature 

- Element birth 

- No start dwell 

KOPEC 3-D ABAQUS 6.2 

25,522 x 8-node 

elements 

- Weld zone uniform body flux 

(40%), surface flux (60%) 

- Element birth 

- Start dwell modeled 

SERCO 3-D SYSWELD 2004 

20,320 x 8-node 

elements 

- Moving Gaussian ellipsoidal 

(1.6 + 3.2 x 3.2 x 1.6 mm
3
) heat 

source 

- No start dwell 

UWE 3-D ABAQUS 6.3-1 

4,850 x 20-node 

elements 

- Moving heat generation in 

melted zone 

- Weld metal in situ 

- No start dwell 
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Table 3.2: Summary of heat source properties and heat transfer assumptions [20] 

Institution/Model Initial Bead 

Temperature 

Weld 

Efficiency 

Heat Transfer 

BE-FNC matched 

fusion boundary 

20° C 75% Hcon=4.2 W/m
2
K at 100 

Hcon=11.8 W/m
2
K at 1000 

ε=0.4 

BE-FNC low heat 

input 

20° C 60% Hcon=4.2 W/m
2
K at 100 

Hcon=11.8 W/m
2
K at 1000 

ε=0.4 

Imperial College 

element birth 

1400° C 100% Hcon=5.7 W/m
2
K 

ε=0.75 

Imperial College 

weld in situ 

20° C 100% Hcon=5.7 W/m
2
K 

ε=0.75 

INR sensitivity 

study 

Not given Not given 1) Hcon=10 W/m
2
K 

     ε=0.4 

2) No heat loss 

JRC-UP heat 

generation rate 

N/A 70% Hcon=10 W/m
2
K 

No radiation 

JRC-UP prescribed 

temperature 

1400° C N/A Hcon=10 W/m
2
K 

No radiation 

KOPEC 2000° C 75% Hcon=10 W/m
2
K 

No radiation 

Latent heat effects (300 kJ/kg) 

SERCO 20° C 80% Hcon+Hrad=13.6 W/m
2
K at 100 

Hcon+Hrad =89.2 W/m
2
K at 1000 

UWE 20° C 80% Hcon=10 W/m
2
K 

ε=0.4 

 

 The same seven institutions were also requested to predict the residual stresses of 

the specimens using the same set of processing parameters. For the mechanical models, 

each group used the thermal predictions derived using their set of assumptions in Table 

3.1 and Table 3.2. The assumptions for each mechanical analysis in the main study are 

summarized in Table 3.3 and Table 3.4, and the assumptions for an additional parametric 

study are presented in Table 3.5 and Table 3.6. Most of the models assumed that the 

clamping of the weld specimen had a minimal effect on the mechanical behavior and only 
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use a single point restraint. One institution enforced zero displacement in the traverse 

direction at the vice jaws throughout the analysis. Another group assumed zero 

displacement in all three directions at the vice jaws during the weld and relaxed this 

condition during cooling. For the parent material hardening model, isotropic hardening 

with piecewise linear fits was the most common assumption. Two analyses used bilinear 

kinematic hardening and one analysis used nonlinear kinematic Lemaitre–Chaboche 

hardening. The weld metal was often modeled using a different hardening model. These 

models included an elastic-pefectly plastic approximation, isotropic hardening, bilinear 

kinematic hardening, nonlinear kinematic Lemaitre–Chaboche hardening, and 

considering the weld material identical to the isotropic parent material. Based on the 

results of the analyses compared to measured results of residual stress, the authors’ 

provide recommendations for modeling assumptions. The best results came from models 

with nonlinear kinematic or mixed isotropic-kinematic hardening of the parent material. 

They recommend ignoring traverse constraints from the vice jaws. In order to model the 

high temperature plastic strains, an analysis should implement a progressive annealing 

strategy or model the visco-elastic or creep effects. While noticeable differences exist 

between this study and CuZn braze welds experiments conducted for this research, the 

assumptions of these thermal and mechanical analyses will aid the development of 

models representing braze welds of CuZn. In particular, the large collection of residual 

stresses from various models will serve as an excellent qualitative tool to evaluate the 

results of the mechanical model created in Chapter 6. 
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Table 3.3: Summary of FE code, constraints, and weld hardening model assumptions for 

residual stress models [19] 

Institution/Model FE Code/Constraints Weld Hardening Model 

BE-FNC matched fusion 

boundary 

3-D ABAQUS 6.4-1 20,320 x 

20-node elements 

Single point restraint 

Elastic-perfectly plastic at 

multi-pass weld 1% proof 

stress level 

BE-FNC low heat input 3-D ABAQUS 6.4-1 20,320 x 

20-node elements 

Single point restraint 

Elastic-perfectly plastic at 

multi-pass weld 1% proof 

stress level 

BE-FNC block dumped 3-D ABAQUS 6.4-1 20,320 x 

20-node elements 

Single point restraint 

Elastic-perfectly plastic at 

multi-pass weld 1% proof 

stress level 

BE-FNC nonlinear-

kinematic weld 

3-D ABAQUS 6.4-1 20,320 x 

20-node elements 

Single point restraint 

Non-linear kinematic single 

weld pass properties 

(ABAQUS implementation 

of Lemaitre-Chaboche 

model) 

BE-FNC nonlinear-

kinematic weld and 

parent 

3-D ABAQUS 6.4-1 20,320 x 

20-node elements 

Single point restraint 

Non-linear kinematic single 

weld pass properties 

JRC-UP prescribed 

temperature 

3-D ANSYS 8.0 8,140 x 20-

node elements 

Restrained in transverse 

direction 

Bi-linear kinematic single 

weld pass properties 

KOPEC 3-D ABAQUS 6.2 25,522 x 8-

node elements 

Restrained in all three 

directions during welding. 

Released during cooling 

Isotropic single weld pass 

properties 

SERCO 3-D SYSWELD 2004 20,320 x 

8-node elements 

Single point restraint 

Treated as isotropic parent 

material 

UWE 3-D ABAQUS 6.3-1 4,850 x 

20-node elements 

Single point restraint 

Linear kinematic 

Single weld pass at 20° C; 

multi-pass at higher 

temperatures 
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Table 3.4: Summary of parent material hardening model, annealing, weld material 

application techniques, and weld efficiency assumptions for residual stress models [19] 

Institution/Model Parent Hardening 

Model 

Annealing Weld Material 

Application/Weld Efficiency 

BE-FNC matched 

fusion boundary 

Isotropic 1400° C Weld metal element birth 

Declared weld efficiency=75% 

BE-FNC low heat 

input 

Isotropic 1400° C Weld metal element birth 

Declared weld efficiency=60% 

BE-FNC block 

dumped 

Isotropic 1400° C Entire length of weld bead 

deposited using an effective 

heat input 

Declared weld efficiency=60% 

BE-FNC nonlinear-

kinematic weld 

Isotropic 850° C Weld metal element birth 

Declared weld efficiency=60% 

BE-FNC nonlinear-

kinematic weld and 

parent 

Non-linear 

kinematic 

850° C Weld metal element birth 

Declared weld efficiency=60% 

JRC-UP prescribed 

temperature 

Bi-linear kinematic None Weld metal element birth 

No declared weld efficiency 

KOPEC Isotropic 1460° C Weld metal element birth 

Declared weld efficiency=75% 

SERCO Isotropic 1400° C No information about element 

birth 

Declared weld efficiency=80% 

UWE Linear kinematic 1400° C 

(Auto) 

Weld elements in-situ 

Declared weld efficiency=80% 
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Table 3.5: Summary of FE code, constraints, and material model assumptions for 

parametric study on residual stress modeling assumptions [19] 

Institution/Model FE Code/Constraints Material Models 

INR thermal boundary 

condition parametric study 

3-D ANSYS 5,330 x 8-node 

elements 

Single point restraint 

Isotropic parent material 

Weld treated as parent 

material 

INR mechanical restraint 

parametric study 

3-D ANSYS 5,330 x 8-node 

elements 

See Table 3.6 

Isotropic parent material 

Weld treated as parent 

material 

INR material hardening 

model parametric study 

3-D ANSYS 5,330 x 8-node 

elements 

See Table 3.6 

JRC-UP transverse restraint 

parametric study 

3-D ANSYS 8.0 8.140 x 

20-node elements 

See Table 3.6 

Bi-linear kinematic parent 

and weld 

Weld based on single-pass 

weld tensile properties 

JRC-UP material hardening 

model parametric study 

3-D ANSYS 8.0 8.140 x 

20-node elements 

See Table 3.6 

 

A three-dimensional thermal model serves as an accurate predictor of 

experimental temperatures and an underlying model for residual stress calculations. 

However, the computational expensive of these three-dimensional finite element models 

needs to be considered under the scope of predictive process control. For a real time 

control algorithm, much faster temperature predictions are required. One possible 

solution to accurately and quickly calculating temperatures is to create metamodels with 

training points collected from a three-dimensional finite element model. An overview of 

metamodeling techniques is provided in the next section.  
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Table 3.6: Summary of variables and comments for parametric study on residual stress 

modeling assumptions [19] 

Institution/Model Study Variables Comments 

INR thermal boundary 

condition parametric study 

Thermal boundary 

conditions: 

1) No heat loss 

2) Convection and radiation 

- Weld material not 

explicitly modeled 

- Simple moving heat 

source analysis with start 

dwell, with uniform heat 

generation in weld elements 

INR mechanical restraint 

parametric study 

Mechanical restraint: 

1) No transverse restraint 

2) Transverse restraint for 

first 300 s, then free 

3) Transverse contact 

elements to prevent 

expansion for first 300 s, 

then free 

- Weld material not 

explicitly modeled 

- Simple moving heat 

source analysis with start 

dwell, with uniform heat 

generation in weld elements 

INR material hardening 

model parametric study 

Material model: 

1) Multilinear isotropic 

hardening 

2) Multilinear kinematic 

hardening 

- Weld material not 

explicitly modeled 

- Simple moving heat 

source analysis with start 

dwell, with uniform heat 

generation in weld elements 

JRC-UP transverse restraint 

parametric study 

Transverse restraint: 

1) Fixed (see Table 3.3) 

2) No restraint 

-Main study thermal 

solution (See Table 3.1 and 

Table 3.2) 

JRC-UP material hardening 

model parametric study 

Material model: 

1) Multilinear isotropic 

hardening 

2) Multilinear kinematic 

hardening 

3) Bi-linear kinematic 

-Main study thermal 

solution (See Table 3.1 and 

Table 3.2) 
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3.2  METAMODELING 

Metamodels are surrogate models or a ―model of the model‖ [21]. Metamodeling 

techniques typically provide statistical approximations of the underlying physical model, 

based on a set of sample predictions obtained from that physics-based model.  By 

replacing the computationally expensive physics-based model with a metamodel, 

computational expense can be greatly reduced. A variety of these surrogate modeling or 

metamodeling techniques are currently circulating in engineering research, but no 

technique has established itself as an overall solution for all applications. Several 

comparison papers exist [22-28], but the conclusions indicate that each technique has its 

merits and that the appropriate technique is often application dependent. Design of 

experiments methods will also be evaluated for efficiently selecting the set of sample 

predictions used to construct metamodels. 

 

3.2.1  Overview of Metamodeling Techniques 

The existing literature was explored to identify metamodeling techniques that 

appear suitable for PPC applications. Based on the set of criteria identified previously, 

several candidate techniques were eliminated from consideration.  For example, Artificial 

neural networks are very common in statistical control algorithms; however, they require 

large numbers of training points (>10,000).  When these training points must be obtained 

from non-trivial and computationally expensive physical models, neural networks 

become too computationally expensive for PPC applications [29]. After completing the 

preliminary literature review, polynomial regression (PR), kriging (KG), multivariate 

adaptive regression splines (MARS), support vector regression (SVR), and radial basis 

functions (RBF) were selected as the most promising techniques for further review. A 
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brief overview of these techniques is provided as well as an overview of promising 

design of experiments techniques for training metamodels. 

 

3.2.1.1 Polynomial Regression (PR) 

Polynomial regression techniques model the response as a function of the 

independent variables, their interactions, and their higher order powers. The second-

degree polynomial model is expressed by the equation: 

 

 

 

where xi are the independent variables and the A’s are the calculated coefficients for each 

term. Since the contribution of the independent variables is visible through the calculated 

coefficients, polynomial regression is completely transparent. Polynomial regression also 

smoothes the data, which can be beneficial in noisy applications. 

 

3.2.1.2 Kriging (KG) 

Kriging techniques model the response with a model consisting of an underlying 

polynomial function, fj(x), plus departures of the form: 
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where x is the vector of independent variables, Aj’s are unknown coefficients, and Z(x) is 

the realization of a stochastic process used to approximate localized deviations from the 

underlying polynomial. Z(x) has a mean of zero, a process variance of σ
2
, and a 

covariance of the form: 

 

                                                              (3.3)  

                

where  is the process variance and R is the correlation function with a parameter  for 

each independent variable.  Possible correlation functions include exponential, Gaussian, 

linear, spherical, cubic, and splines. The correlation function should be selected based on 

the differentiability properties of the base model [30]. A detailed description of the 

application of kriging models to engineering applications is provided by Simpson et al. 

[22]. A comparative study by Jin et al. [25] showed that kriging performs well on 

accuracy metrics but is relatively computationally expensive compared to other 

metamodels. Since the application for this research involves physical models with zero 

noise, kriging’s interpolation characteristic should be valuable. 

 

3.2.1.3 Multivariate Adaptive Regression Splines (MARS) 

Multivariate adaptive regression splines, developed by Friedman [31], model the 

response by adaptively selecting a set of M basis functions to approximate the training 

data using a forward/backward iterative approach.  MARS models have the following 

form: 
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where am are the coefficients of the expansion and Bm are the basis functions of the form: 

 

 

                 

where Km is the number of factors in the M
th

 basis function, q is the order of the splines, 

sk,m = ±1, xv(k,m) is the v
th

 variable, 1 ≤ v(k,m) ≤ n, n is the number of independent 

variables, and tk,m is a knot location on each of the corresponding variables. The subscript 

―+‖ indicates a truncated power function of the form: 

 

 

 

The MARS algorithm uses a forward phase to select the optimal placement for 

spline knots. The backward phase is used to prune the model and reduce the number of 

basis functions. Jin et al. [25] list the advantages of MARS as accuracy and lower 

computational cost in comparison to kriging. 

 

3.2.1.4 Support Vector Regression (SVR) 

The support vector regression technique models a response with the standard 

linear form of ε-SVR [32]: 

 

                                                                        (3.7) 
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where the goal is to minimize w to ensure a smooth function across the design space. w is 

minimized with an optimization problem of the form: 

 

          Minimize                                       (3.8) 

          subject to                                           (3.9) 

 

where xi’s are the independent variables, yi is the dependent variable,  and  are slack 

variables, ε is some tolerated deviation, l is the number of samples, and C > 0 is the cost 

that balances the minimization of w with the size of the allowed error.  

Using Lagrange theory, the optimization problem can be converted to a dual form 

[26]: 

 

    Maximize                         (3.10) 

subject to                                                        (3.11) 

 

where  and  are Lagrange multipliers and the equation for the linear response 

becomes: 

 

 

 

The dual form creates a quadratic programming optimization problem with linear 

constraints and a positive definite Hessian matrix. Quadratic solvers are well established 
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and efficient, and these specific conditions ensure a unique optimum. The dual form can 

be easily modified to accommodate nonlinear regression by replacing the dot product 

 with a kernel function (i.e. linear, polynomial, radial basis functions, or sigmoid). 

Clark et al. [26] establish the merits of support vector regression over polynomial 

regression, radial basis functions, kriging, and MARS for 26 engineering analysis 

functions. Based on the average RMSE, average error, and maximum error of the 26 

problems, SVR outperformed the other four techniques, with the exception of lower 

maximum errors associated with kriging. 

 

3.2.1.5 Radial Basis Functions (RBF) 

Radial basis functions [33, 34] model the response with a summation of functions 

of the form: 

 

 

 

where x is the vector of the independent variable, m is the number of independent 

variables, n is the number of sample points,  are the weights of each basis function,  

is the vector of centers, and  is the radial basis function. Linear, cubic, thin plate splines, 

multiquadric, and Gaussian basis functions are all commonly used. 

Radial basis functions have been successfully used for a wide variety of 

applications. For example, Gutmann applied the technique to the global optimization of 

several test functions [35]. 
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3.3.2  Comparisons of Metamodeling Techniques 

Several papers compare metamodeling techniques with a variety of test problems 

[22-28]. Table 3.7 summarizes the modeling techniques and test bed of problems used in 

each comparison paper. Four papers [22-24, 28] directly compare polynomial regression 

to one other technique. These comparisons make it difficult to cross compare the 

remaining techniques. Two papers [25, 27] compare four of the five techniques. Jin et al. 

[25] conclude that RBF perform the best in a wide variety of test problems but are not 

universally superior. Meanwhile, Li et al. [27] conclude that various techniques have 

strengths for different applications, but SVR is the most robust technique. Unfortunately, 

only one paper compares all five of the candidate metamodeling techniques. Clarke et al. 

[26] conclude that support vector regression outperforms the other techniques in the 

highest number of test problems; however, SVR only outperformed the other techniques 

in less than half of the test problems. 

Based on these previous comparisons, no metamodeling technique is universally 

superior for all applications. Therefore, a comparison needs to be performed on thermal 

models of the welding process with a set of criteria specific to predictive process control. 
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Table 3.7: Summary of previous metamodeling comparisons 

Source PR KG MARS SVR RBF Problem Test Bed 

Simpson 

et al. [22] 
     Aerospike nozzle design 

Giunta 

et al. [23] 
     

1 smooth and 1 noisy 

mathematical function 

Yang 

et al. [24] 
     Automotive crash test 

Jin et al. 

[25] 
     

14 test problems of 

various problem scales, 

degrees of nonlinearity, 

and presence or absence  

of noise 

Clark 

et al. [26] 
     

26 functions derived from 

6 engineering 

optimization problems 

Li et al. [27]      
4 mathematical 

simulation models 

Fang et al. 

[28] 
     

Crashworthiness 

optimization problem 

 

3.3  DESIGN OF EXPERIMENTS TECHNIQUES 

Experimental designs are used to gather data from the physical models to serve as 

input to the metamodeling algorithms. For metamodeling, space filling designs that 

sample the design space without bias are preferred to classical designs such as factorial 

designs. Based on previous studies of space filling designs for metamodeling [36], Latin 

hypercubes, Hammersley sequencing, and uniform designs are targeted for possible use. 

Latin hypercubes are an m x n matrix of m sample points and n independent 

variables. Each column is a random permutation of the series: 1,2,..m. The random 

permutation assigns the 1/m size cell inside which one random observation is made [37]. 
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This process ensures that one point exists in every 1/m cell. After the points are selected, 

the unit Latin hypercube can be scaled to any size.  The process is equivalent to dividing 

the range of each independent variable into m uniform gradations or bins and sampling 

once from each bin.     

Hammersley sequencing [38] takes the two dimensional form defined by [39]: 

 

 

 

 

 

 

                                

where m is the order of the independent variable, N is the number of sample points, i is 

the index 1,2,..N,  is the binary representation of i, and k is the number of bits required 

for the binary representation of N (i.e. if N=10, k=4). For higher orders, equation 3.16 is 

generalized: 

 

 

 

where n is the total number of independent variables,  is the m-1 entry in the prime 

number series, k is the number of bits required for the base-m (i.e. binary, ternary, 

quaternary, etc.) representation of i, and  is the base-m representation of i. 
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A uniform design selects points uniformly across the design space using a 

fractional factorial method with added uniformity. Because FLUENT
TM

 utilizes a mesh 

and uniform design works similar to Latin hypercubes for discrete spaces [40], this 

research focuses on Latin hypercubes and Hammersley sequencing. 

In general, Latin hypercubes tend to provide a more random distribution of 

samples than Hammersley sequencing. A plot of 25 sample points across the unit square 

for both techniques highlights this difference in their approach to space filling (Figure 

3.1). Both randomness and uniformity can be beneficial in this application because the 

placement of points on the heat flux region or on the steep gradients surrounding it can 

drastically affect the resulting model. Therefore, the effectiveness of both techniques will 

be evaluated for constructing metamodels. 

 

(a) 

 

(b)

Figure 3.1: Latin hypercube (a) and Hammersley sequencing (b) for 25 sample points  
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Chapter 4:  Comparison of Metamodeling Techniques for Predictive 

Process Control of Welding Applications 

Based on the findings in Chapter 3, the ―best‖ metamodeling technique is 

application specific rather than universal. Therefore, a comparison of metamodeling 

techniques must be performed with specialized criteria for predictive process control 

(PPC). In this chapter, a set of criteria is established for PPC, a steady state thermal 

model of the weld zone is developed, the research methodology for training and 

comparing metamodels is described, and an analysis of performance metrics is provided 

with recommendations for future use.  

 

4.1  CRITERIA FOR COMPARISON OF METAMODELING TECHNIQUES FOR PREDICTIVE 

PROCESS CONTROL APPLICATIONS 

Based on the requirements for predictive process control, a set of desirable criteria 

was identified for candidate metamodeling techniques: 

 Accuracy: Metamodels should accurately represent the underlying physical 

models.  Accuracy can be measured by executing the physical models and 

metamodels for a set of confirmation points and quantifying the relative error of 

the metamodel in terms of average and maximum values over the input parameter 

values of interest.   

 Time for building model (and update-ability): Metamodels need to be built rapidly 

for PPC applications.  It may be necessary not only to build a model based on 

physical model predictions but also to update the model quickly as empirical data 

becomes available during the process.  Build time can be measured by the length 

of time required to build the model on a standard PC.   



 51 

 Time for executing model: The purpose of metamodeling is to replace 

computationally expensive physical models with fast but accurate metamodels; 

so, speed of execution is a critical, enabling criterion.  It can be measured by the 

length of time required to provide a fixed number of new predictions (e.g., 1000 

points).  

 Scalability: In some PPC applications, it is necessary to consider several 

independent variables.  Scalability can be measured by observed changes in 

accuracy, execution time, and build time as a function of the number of 

independent variables for each metamodeling technique.   

 Multimodality: For many manufacturing processes, observable responses can be 

highly nonlinear.  For example, in welding applications, temperatures near the 

weld zone may be several orders of magnitude higher than those in the rest of the 

base material, and temperature gradients can be extremely large (and transient) 

near the weld zone.  Multimodality can be measured by quantifying the accuracy 

of the surrogate model in localized regions, relative to the global accuracy of the 

model.   

 Transparency: Some surrogate models, such as neural networks, are virtual black 

boxes that reveal very little information about the underlying relationships 

between input and output parameters; others, such as polynomial regression 

display their coefficients and offer clear relationships.  This information can be 

useful for improved understanding of the process and for deriving state space 

models and other tools of interest to PPC.  Transparency is not parameter specific 

and can be evaluated qualitatively by observing the relative amount of 

information that can be ascertained about the individual and interactive 

contributions of the independent variables. 
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These criteria are utilized in Sections 4.4 to compare and critically evaluate 

surrogate modeling techniques.  

 

4.2  THERMAL MODELS OF WELD ZONE 

Physical models from FLUENT
TM

 [8] and Rosenthal’s analytical equation [9] 

generate the temperature distributions used to model the response. While detailed 

FLUENT
TM

 models are used to train the final metamodels, Rosenthal’s computationally 

inexpensive analytical model provides fast and valuable insight during the preliminary 

analysis.  The models are described in the remainder of this section. 

 

4.2.1  FLUENT
TM

 Background and Assumptions 

FLUENT
TM

 [8] is a computational fluid dynamics program that is based on a 

finite volume method and provides numerous options for modeling fluid flow, heat and 

mass transfer, and chemical reactions. To emulate the gas metal arc welding (GMAW) 

process, a 3.18 mm wide square heat flux distribution with a constant traverse speed is 

applied to the symmetric commercial bronze (UNS C22000) geometry documented in 

Figure 4.1. The traverse speed can be selected from a range of values between 2.12 and 

12.7 mm/s. Temperature-dependent material properties are applied based on a report by 

Thermophysical Properties Research Laboratory, Inc. [7], as shown in piecewise 

polynomial form in Table 4.1. Convection and radiation are applied on the boundaries. 

Fluid dynamics effects in the weld zone are ignored, and other assumptions are applied, 

as summarized in Table 4.2. 
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Figure 4.1: Specimen geometry 

Table 4.1: Material properties of commercial bronze 

Material Property Temp. Range Equation 

Specific Heat (J/kgK) 296-553K 368 + 0.0824*T 

553K-593K 261 + 0.272*T 

593K-1273K 386 + 0.0631*T 

Density (kg/m
3
) 293-1223K 7989.715 - 0.46234*T 

Thermal Conductivity (W/mK) 296-1273K 84.5 + 0.249*T - 0.000129*T
2
 

 

Table 4.2: FLUENT
TM

 assumptions 

Property Assumption 

Mesh Size 0.397 mm (1/64 inch) 

Range of Heat Input 2500 to 4000 W 

Range of Traverse Speed 2.12 to 12.7 mm/s (5 to 30 in/min) 

Geometry of Heat Flux Distribution Square 

Width of Heat Flux Distribution 3.18 mm (1/8 inch) 

Time Step 0.1 s 

Heat Transfer Coefficient 10 W/m
2
K 

Free Stream Temperature 300 K 

External Emissivity 0.8 

External Radiation Temperature 300 K 

 

During the simulation, the applied heat flux traverses along the weld path, 

beginning at the origin in Figure 4.1 and proceeding in the positive x-direction.  To 

investigate steady-state welding conditions, rather than the transient effects observed near 

the ends of the specimen, the temperature profile of the top surface is collected when the 
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heat flux is located at x equal to 7.62 cm (i.e., halfway down the length of the specimen). 

As part of this research project, experimental temperature measurements are gathered on 

the top surface of the specimen, using infrared cameras, infrared pyrometers, and 

thermocouples; so, the temperature profile of the top surface is particularly important. 

Therefore, temperature data from the top surface of the specimen is used to fit the 

metamodels. Figure 4.2 displays the rectangular area 3.81 cm < x < 11.43 cm and 0 < y < 

2.54 cm sampled to construct the metamodels. Of particular interest is the region defined 

by 3.81 cm < x < 11.43 cm and 3.18 mm < y < 2.22 cm where experimental temperature 

measurements can be gathered without interference from the weld zone or the edge of the 

specimen, as illustrated in Figure 4.2. Temperature data from this region is used to 

generate confirmation points to measure the accuracy of the metamodels. 

 

 

Figure 4.2: x and y coordinate space on top surface of welded geometry 

 

4.2.2  Rosenthal Analytical Model of the Weld Zone 

The Rosenthal analytical model [9] is a quasi-steady state, semi-infinite 

approximation of the temperature distribution in the weld zone.  The Rosenthal model 

utilizes a point heat source and neglects transient effects, melting/solidification, 

convection and radiation. With the assumptions that the plate is bounded by adiabatic 
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planes parallel to the weld path and that the plate is thin enough to neglect the 

temperature gradient across the thickness of the material, the temperature profile can be 

approximated by: 

 

 

 

  

 

 

           

 

                

where g is the thickness of the plate; a is the width of the plate; x is the distance from the 

point heat source in line with the weld path; y is the distance from the point source 

orthogonal to the weld path; v is the velocity of the point source; t is time; ξ is the 

reference frame of the moving source, ξ=(x-vt); cp is specific heat; ρ is the density; λ = 

1/2α where α is the thermal conductivity; and Q is the heat input. 

The temperature profile of Rosenthal is compared to FLUENT
TM

 in Figure 4.3. 

The two models differ significantly near the weld zone where temperature predictions 

from the Rosenthal model increase to a sharp maximum peak temperature due to the 

model’s point representation of the heat source.  In contrast, the temperature predictions 

of the FLUENT
TM

 model resemble a Gaussian function because of the distributed heat 

flux. The general shape of the analytical model matches FLUENT
TM

 outside of the 
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immediate vicinity of the weld zone, such that the temperature distribution approaches 

ambient temperature in front of the weld zone (i.e., x >> 7.62 cm) and a steady state 

temperature governed by conduction behind the weld zone (i.e., x << 7.62 cm).  Since the 

temperature profile of the Rosenthal model is shaped similarly to the FLUENT
TM

 model 

with comparatively less computational expense, the Rosenthal approximation serves as 

an excellent preliminary analysis tool. 

 

 
 

Figure 4.3: Comparison of Rosenthal and FLUENT
TM

 

 

4.2.3  Experimental Validation of Thermal Models 

To validate the thermal models, a series of experiments were run with AlSi filler 

wire on UNS 220000 Commercial Bronze with the same geometry as Figure 4.1. The 

experiments were conducted with the test parameters outlined in Table 4.3 and Table 4.4. 
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Temperature measurements were taken with two k-type thermocouples and two Omega 

OS554A infrared pyrometers. The thermocouples were spot welded to the surface of the 

base metal at the locations specified in Figure 4.4 and Table 4.5. The infrared pyrometers 

were mounted relative to the welding torch and therefore maintained their position 

relative to the weld zone at the distance shown in Figure 4.4. The weld specimens were 

painted with high temperature, matte black paint to force the value of the emissivity of 

the surface to facilitate IR temperature measurements. The results from three tests were 

averaged and compared to FLUENT
TM

 simulations and Rosenthal’s analytical equation 

as detailed in sections 4.2.1 and 4.2.2. The results of the thermocouple and infrared 

pyrometer data are pictured in Figures 4.5 and 4.6. 

Comparing the steady state temperatures of the thermocouple measurements to 

the model predictions shows a maximum error of 17 K for the FLUENT
TM

 simulation 

and 22 K for Rosenthal. For the pyrometer temperature profiles, Rosenthal is an 

inappropriate model because it can only approximate steady state conditions. The 

FLUENT
TM

 pyrometer simulations have a maximum error of approximately 15 K. These 

error measurements will assist with the evaluation of the metamodel accuracy metrics. 

 

Table 4.3: Test parameters 

Voltage Feed (cm/s) Speed (mm/s) # Passes 

24 7.58 cm/s 6.35 1 

 

Table 4.4: Torch Parameters 

Argon Flow Rate Head Angle Distance to Work Height 

38 cfm 72 degrees ~9.65 mm 
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Figure 4.4: Schematic of experimental layout 

Table 4.5: Thermocouple placement 

Thermocouple x (cm) y (mm) 
TC 1 7.62 9.53 
TC 2 7.62 -9.53 

 

 

 

Figure 4.5: Thermocouple Temperature Profiles 
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Figure 4.6: Infrared Pyrometer Temperature Profiles 

 

4.3  RESEARCH METHODOLOGY AND PRELIMINARY ANALYSIS 

The Rosenthal and FLUENT
TM

 models serve as the basis for the metamodeling 

strategy described in this section.  Five candidate metamodeling techniques and two 

candidate experimental designs are identified in Chapter 3, for a total of ten different 

experimentation-metamodeling combinations.  As described in Section 4.1, the first step 

in the research methodology is to quantitatively define the criteria for comparing the 

options.  The next step is to define the sampling procedure for this problem, including the 

number of sample points and the ranges over which the points will be sampled, as 

described in Section 4.2.  Since the accuracy of the metamodels can be highly dependent 

on the size of the sample set and the experimental design for obtaining the samples, a 

sensitivity study is performed to investigate different options.  As described in Section 
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4.3.3, the sensitivity study is based on the computationally efficient Rosenthal model, 

which permits rapid investigation of a variety of different sample sizes.  The leading 

experimental design and sample size from the sensitivity study is used to build the final 

set of FLUENT
TM

-based metamodels, as described in Section 4.3.4.   

 

4.3.1  Performance Metrics 

To compare the effectiveness of the four metamodeling techniques for predictive 

process control, training time, prediction time, and three accuracy metrics are 

quantitatively measured. Training time is intuitive and is measured as the time required to 

fit the model with the selected sample points. Low training time corresponds to low 

computational expense and supports the justification for the use of metamodels for this 

application. Prediction time measures the wall clock time required to predict 1000 new 

points. Low prediction time is essential for the model’s use in predictive process control. 

For measuring accuracy, the global accuracy metrics of coefficient of 

determination (R
2
) and average absolute error (AAE) were selected, as well as the local 

accuracy metric maximum absolute error (MAE), similar to Jin et al. [25]. The 

coefficient of determination is calculated as follows: 

 

 

              

with a maximum value of one, where larger values represent a better goodness of fit.  

Average absolute error is calculated as follows: 
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where smaller values indicate better global accuracy.  Finally, maximum absolute error is 

calculated as follows: 

 

                                                                     (4.6) 

 

where smaller values indicate better local accuracy. Even with a low AAE, a large MAE 

can be dangerous for controls applications. Identifying and eliminating or avoiding 

regions of large error is crucial. 

 

4.3.2  Sampling Procedure 

It is desirable to build metamodels of the temperature distribution in the weld 

zone as a function of the heat input, Q, traverse speed, v, and (x,y) location on the welded 

specimen.  Each combination of Q and v requires re-execution of the FLUENT
TM

 model, 

and each FLUENT
TM

 model generates a dense grid of temperature predictions throughout 

the welded specimen.  Because FLUENT
TM

 is computationally expensive to execute, it is 

important to sample points efficiently. Accordingly, the points are sampled in two distinct 

phases. First, an experimental design is generated for heat inputs and traverse speeds. 

Each pair of (Q,v) coordinates is then used as an input for FLUENT
TM

. After the 

temperature profile of the top surface of the welded geometry is acquired as detailed in 

section 4.2.1, temperature is sampled at a large number of (x,y) locations throughout the 

weld zone using an experimental design with a domain (in x-coordinates) of [3.81, 11.43] 

cm and range (in y-coordinates) of [0, 2.54] cm relative to the origin of the weld 
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specimen (Figure 4.2). The two-stage sampling strategy takes advantage of the dense grid 

of available FLUENT
TM

 temperature predictions while limiting the number of 

independent FLUENT
TM

 runs. 

Additional sampling is required to obtain confirmation points. Confirmation 

points are obtained with the same two-stage strategy.  However, since Hammersley 

sequencing generates a uniform design, Latin hypercube sampling is always used for 

confirmation sampling to ensure a unique sample compared to the training points. Also, 

when obtaining confirmation points, the size of the x- and y-domains are reduced to 

[4.45, 10.8] cm and [0.318, 2.22] cm, respectively. The outer boundaries of the region are 

intentionally neglected, where experimental temperature measurements are not typically 

obtained. This distinction prevents inconsequential poor fits at the boundaries from 

skewing the accuracy metrics. 

 

4.3.3  Sensitivity Analysis of Number of Training Points and Experimental Design 

and Selections 

A sensitivity analysis was conducted to determine the appropriate number of 

sample points for thoroughly covering the design space and ensuring accurate metamodel 

fit without incurring the computational expense of excessive oversampling. This 

sensitivity analysis was performed using the Rosenthal thin plate approximation to avoid 

the computational expense of FLUENT
TM

. The Rosenthal model is an appropriate 

substitute for FLUENT
TM

 models because it assumes roughly the same contours as the 

FLUENT
TM

 models, with the exception of the region near the heat source.  In the 

Rosenthal model, temperature gradients are much steeper near the heat source because 

the heat input is modeled as a point source. To prevent these extreme temperatures from 

affecting the sensitivity analysis, sample points were avoided in the small region near the 
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heat source where the Rosenthal temperature predictions exceeded the maximum 

temperature predictions of most FLUENT
TM

 models. 

The sensitivity analysis was conducted by separately varying the number of 

sample points for pairs of (Q,v) and (x,y), as recorded in Table 4.6. Each set of sample 

points was distributed with both Latin hypercube and Hammersley sequencing 

techniques. Each set of sample points was used to construct all five types of metamodels. 

Accuracy metrics were calculated for each metamodel.  As intuitively expected, R
2
 

increases as the number of training points increases while AAE and MAE decrease with 

diminishing returns. By locating where the gains in performance become negligible, the 

number of training points can be optimized while still maintaining acceptable accuracy. 

An example sensitivity analysis is pictured in Figure 4.7.  The entire collection of 

sensitivity analyses are provided in Appendix A. 

 

Table 4.6: Sensitivity Analysis 

Number of (Q,v) coordinates 

(FLUENT
TM

 runs) 

Range of the number of 

(x,y) coordinates 

15 1 to 165 

20 1 to 123 

25 1 to 99 

30 1 to 83 

35 1 to 71 

40 1 to 61 
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(a) (b)

 

(c) 

Figure 4.7: Example of sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for kriging 

with 15 (Q,v) coordinate pairs where the x axis is the number of (x,y) coordinates from 1 

to 101 and the y axis is the performance metric 

 

4.3.4  Plan for FLUENT
TM

 Sampling and Metamodel Construction 

After reviewing the sensitivity analysis for each technique, Hammersley 

sequencing with 25 (Q,v) coordinate pairs was selected for all four techniques because 

Hammersley sequencing outperformed Latin hypercubes, and 25 pairs performed better 

than 15 and 20 pairs, with rapidly diminishing improvements in accuracy for 30, 35, and 

40 pairs. In particular, polynomial regression required at least 25 (Q,v) coordinate pairs to 

prevent singularities when calculating coefficients. The appropriate number of (x,y) 
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coordinates was different for each metamodeling technique because each technique 

reached diminishing returns of accuracy at different levels of (x,y) sampling. The final 

selections for constructing each metamodel are listed in Table 4.7. 

 

Table 4.7: Selections for Each Technique 

Technique Number of (Q,v) 

Coordinates 

Number of (x,y) 

Coordinates 

Total Training 

Points 

PR 25 41 1025 

Kriging 25 55 1375 

MARS 25 53 1325 

SVR 25 37 925 

RBF 25 49 1225 

 

In addition to selecting the proper sampling technique and number of training 

points, each metamodeling method has a set of options and parameter values for 

modeling the response. These options and parameter values were manually tuned to 

provide an optimal fit for each metamodel. The selected features of each metamodeling 

technique and the reference to their respective MATLAB toolbox are detailed in Table 

4.8 below. 
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Table 4.8: Fitting Options and Parameters for Each Technique

Metamodeling Technique Fitting Method Parameter Values 

Polynomial Regression 

(PR) [41] 

 5th
 degree polynomial  

Kriging (KG) [30]  Gaussian correlation 

function 

 0th
 degree underlying 

polynomial (constant) 

 

Multivariate Adaptive 

Regression Splines 

(MARS) [42] 

 Piecewise-cubic splines 

 Cubic modeling 

implemented on forward 

and backward phases of 

final model 

 Prune model on backward 

phase 

 Minimum knot distance 

from boundary of training 

region and minimum span 

between knots imposed 

 maxFuncs=160 

 GCV penalty per knot=3 

 selfInteractions=1 

(default) 

 maxInteractions=3 

 threshold=0.0001 

 maxFinalFuncs=80 

 

Support Vector Regression 

(SVR) [43] 

 ε-SVR 

 radial basis function kernel 

 Cost=1 (default) 

 Gamma=10 

 ε=0.001 

Radial Basis Functions 

(RBF) [44] 

 Linear Radial Basis 

Function 

 k=1 (degree of basis 

function) 
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4.4  ANALYSIS OF RESULTS 

Final metamodels were constructed by sampling FLUENT
TM

 models according to 

the strategy outlined in Table 4.7.   The accuracy of each metamodel was calculated with 

a set of confirmation points.  The confirmation points were generated with a Latin 

hypercube of 25 (Q,v) coordinates and associated FLUENT
TM

 models and another Latin 

hypercube of 40 (x,y) coordinates from each FLUENT
TM

 temperature profile as described 

in section 4.2.1. 

 

4.4.1  Analysis of Accuracy Metrics Results 

To begin the analysis, accuracy was evaluated across the entire design space. 

Figure 4.8 displays each metamodel in comparison to the actual FLUENT
TM

 data. Table 

4.9 and Figure 4.9 show the performance of the metamodeling techniques for the 1000 

confirmation points. Overall, kriging performed the best in both AAE and MAE. The 

second tier of accuracy consists of MARS and RBF. Polynomial regression performed 

the worst in all three metrics. 

 

Table 4.9: Accuracy performance metrics for 1000 confirmation points 

Technique R
2
 AAE (K) MAE (K) 

PR 0.973 24.6 353.1 

Kriging 0.996 9.8 155.4 

MARS 0.995 10.2 253.6 

SVR 0.988 15.1 318.8 

RBF 0.991 11.8 194.5 
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(a)

(c)

(b)

(d)

 

(e)

Figure 4.8: Grid plots of metamodeling technique vs. FLUENT
TM

 data for Q=3357.6 

W/m
2
 and v=8.16 mm/s for (a) PR, (b) kriging, (c) MARS, (d) SVR, (e) RBF  
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Figure 4.9: Chart of accuracy performance metrics for 1000 confirmation points 

To further break down the performance of each technique across the (x,y) plane 

(illustrated in Figure 2), accuracy metrics were calculated at the cross sections y=0.337, 

1.25, and 2.20 cm. The results of these cross sections are plotted in Figs. 4.10, 4.11, and 

4.12 respectively and listed in Table 4.10.  
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(a)

(c)

(b)

(d)

 

(e)

Figure 4.10: Metamodel and FLUENT
TM

 plots of temperature vs. x for y=0.337 cm for 

Q=3357.6 W/m
2
 and v=8.16 mm/s for (a) PR, (b) KG, (c) MARS, (d) SVR, (e) RBF 
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(a)

(c)

(b)

(d)

 

(e)

Figure 4.11: Metamodel and FLUENT
TM

 plots of temperature vs. x for y=1.25 cm for 

Q=3357.6 W/m
2
 and v=8.16 mm/s for (a) PR, (b) KG, (c) MARS, (d) SVR, (e) RBF  
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(a) 

(c)

(b)

(d)

 

(e)

Figure 4.12: Metamodel and FLUENT
TM

 plots of temperature vs. x for y=2.20 cm for 

Q=3357.6 W/m
2
 and v=8.16 mm/s for (a) PR, (b) KG, (c) MARS, (d) SVR, (e) RBF  
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Analyzing the cross sectional plots and accompanying accuracy metrics grants 

additional insight into the location and magnitude of error in each model. For kriging, 

MARS, SVR, and RBF, the majority of the error occurs near the weld path (y=0) whereas 

for polynomial regression, substantial error occurs for all three cross sections. RBF 

outperforms the other techniques in the more important region away from the weld path 

where experimental data can be collected. Kriging, MARS, and SVR also perform 

strongly in this region away from the weld zone. 

 

Table 4.10: Accuracy performance metrics 

Technique R
2
 AAE (K) MAE (K) 

PR    

    Overall 0.973 24.6 353.1 

    y = 0.337 cm 0.807 87.3 350.2 

    y = 1.25 cm 0.977 16.7 46.4 

    y = 2.20 cm 0.991 9.7 22.2 

Kriging    

    Overall 0.996 9.8 155.4 

    y = 0.337 cm 0.970 18.8 197.5 

    y = 1.25 cm 0.999 3.5 6.6 

    y = 2.20 cm 0.998 4.1 11.8 

MARS    

    Overall 0.995 10.2 253.6 

    y = 0.337 cm 0.947 24.5 259.4 

    y = 1.25 cm 0.999 4.4 10.3 

    y = 2.20 cm 0.996 6.4 19.0 

SVR    

    Overall 0.987 16.6 283.5 

    y = 0.337 cm 0.910 56.3 283.0 

    y = 1.25 cm 0.996 7.9 16.4 

    y = 2.20 cm 0.997 5.9 10.2 

RBF    

    Overall 0.991 11.8 194.5 

    y = 0.337 cm 0.908 53.6 212.8 

    y = 1.25 cm 0.999 2.6 9.5 

    y = 2.20 cm 1.000 1.2 3.0 



 74 

4.4.2  Analysis of Time Metrics Results 

To determine if the speed of competing metamodels was adequate for PPC 

applications, the construction time and prediction time were measured.  The wall clock 

construction time was measured for each metamodel to fit the number of sample points 

indicated in Table 4.11.  The prediction time was measured as the wall clock time 

required to produce the 1000 confirmation points needed for accuracy calculations. The 

wall clock times were tested on a Windows Vista 64-bit PC with an Intel® Core™ 2 Duo 

2.4 GHz processor with 4GB of RAM.  The results are listed in Table 4.11. Kriging 

proves to be orders of magnitude slower than the other techniques and will not be suitable 

for PPC applications, especially as model complexity and dimensionality grow in the 

future. The slow construction time of the kriging models is attributed to the optimization 

cycles that are required to fit the model. Similarly, the slow model construction time from 

MARS can be partially ascribed to the optimization of the knot positions between cubic 

splines. The MARS algorithm used in the ARESLab [42] MATLAB toolbox also 

contributes to the slow construction time. The absence of ―Fast MARS‖ queuing as 

defined by Friedman [46] increases the computational expense of constructing MARS 

metamodels. If a MARS metamodel is selected for an implementation of PPC, the ―Fast 

MARS‖ queuing feature could be added to a MARS algorithm. Meanwhile, polynomial 

regression and MARS were the fastest techniques for new predictions, while support 

vector regression and radial basis functions clocked intermediate times. 
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Table 4.11: Time Performance Metrics 

Technique Time to Construct 

Model 

Time to Predict 

1000 New Points 

PR 0.059 s 0.030 s 

Kriging 38.0 s 4.2 s 

MARS 53.0 s 0.010 s 

SVR 0.53 s 0.10 s 

RBF 19.3 s 0.18 s 

 

4.5  CHAPTER SUMMARY 

For predictive process control applications, preliminary evidence supports the use 

of MARS and possibly RBF or SVR metamodeling techniques. Although the global 

accuracy metrics for MARS were worse than kriging and RBF, its accuracy was nearly 

comparable to that of kriging and RBF in regions removed from the weld path (e.g., y = 

1.25 cm and y = 2.20 cm in Table 4.10), where physical measurements are likely to be 

obtained for control purposes. MARS also performed the best in the extremely important 

category of prediction time. SVR performed in the middle of the pack on both accuracy 

and time metrics. Meanwhile, RBF displayed excellent accuracy metrics, but its 

prediction time could be inadequate for predictive process control applications. 

Additional work will need to be conducted to develop exact criteria for time performance. 

Kriging performed very strongly with respect to accuracy metrics, especially in regions 

removed from the weld path; however, the method performed poorly on model 

construction and prediction time, making it unsuitable for predictive process control 

applications. Because PR performed the worst with respect to accuracy, it can be 

eliminated from consideration for predictive process control for welding applications.  

Further work is necessary to apply these metamodels to high flexibility welding 

applications.  First, the level of uncertainty of the underlying physical models needs to be 

investigated and compared to the level of uncertainty in experimental measurements. 
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These uncertainties must be critically evaluated for their implications on PPC. Second, 

the scope of the models will need to be increased to include transient effects, geometry, 

and material properties. This need echoes the scalability criterion identified in Section 

4.1. It is expected that the techniques with faster prediction and construction times will 

continue to excel as the dimensionality of the problem increases, but this hypothesis 

needs to be tested.  Third, the accuracy of the leading metamodeling techniques needs to 

be improved.  Candidate solutions include adaptive sampling strategies for increasing the 

density of sample points in regions of steep temperature gradients, such as near the weld 

zone.  Fitting separate metamodels for different regions of the weld zone or selecting a 

more exclusive area of interest are other possible solutions.  Fourth, as described in the 

introduction, the metamodeling strategies need to be integrated with optimization 

techniques and control algorithms and then evaluated in this context. The performance of 

metamodeling techniques should also be compared to reduced order modeling approaches 

such as proper orthogonal decomposition and Kalman filters. Therefore, exploration will 

continue on the candidate metamodeling techniques with an emphasis on MARS, SVR, 

and RBF, the techniques with the most promising combination of accuracy and speed. 
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Chapter 5:  Constructing Metamodels for Predictive Process Control 

In the previous chapter, metamodels were explored for potential use in a 

predictive process control (PPC) algorithm. Five different metamodeling techniques were 

constructed to predict temperatures of the top surface of a weld specimen. The techniques 

were evaluated using a set of criteria specialized for PPC. Based on the results of the 

analysis, three metamodeling techniques--multivariate adaptive regression splines 

(MARS), support vector regression (SVR), and radial basis functions (RBF)--have 

potential for use in PPC applications. The previous chapter only evaluated the 

metamodeling techniques’ ability to model the steady-state temperature response on the 

top plane of a weld specimen at a designated time step. The following chapter discusses 

the implications of creating a metamodel for real-time, transient temperature predictions 

of the weld process, including the effect of control algorithm changes to input parameters 

on the predicted temperature profile. Section 5.1 describes the motivation behind a 

thermal metamodel that includes the transient effects of input parameter adjustments. 

Section 5.2 develops a metamodel for the temperature profile based on constant welding 

input parameters. In Section 5.3, the metamodel is expanded to include the effect of 

welding traverse speed changes on temperature predictions. Finally, potential uses for a 

transient thermal metamodel in a control algorithm are discussed in Section 5.4. 

 

5.1  PROBLEM DEFINITION 

For predictive process control (PPC) of welding applications, temperatures are 

measured in real-time using a nondestructive method such as infrared pyrometers. A 

control algorithm compares the acquired temperatures to expected temperatures and 

adjusts pertinent input parameters. For PID control, the expected temperatures can be as 
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simple as a constant value that the controller attempts to match by modifying the input 

parameters using a set of simple rules. More intelligent control algorithms have the 

potential to exert greater control on the process but require a model that can predict the 

effect of input parameters on temperature. As previously discussed in Chapter 1, finite 

element models can produce accurate temperature predictions but are computationally 

expensive. Therefore, in Chapter 4, metamodels were explored for predicting the 

temperature response given a set of welding input parameters and the coordinate location 

on the top surface of the weld specimen. Metamodels proved to significantly reduce the 

computational expense of temperature predictions while maintaining close agreement to 

the base finite element model for regions of potential temperature measurements. Based 

on these promising results, in Chapter 5 exploration is continued on the use of 

metamodels for temperature predictions of the welding process. Specifically, in this 

chapter metamodels are constructed for potential use in a control algorithm that predicts 

changes in temperature of the weld specimen given changes in welding input parameters. 

 

5.2  CONSTANT VELOCITY INFRARED PYROMETER MODELING 

As discussed in Chapter 1, predictive process control is intended for use in the 

manufacture of end-user components. Since the products are manufactured for customers, 

the PPC process cannot cause damage to the final part. Therefore, infrared thermal 

pyrometers were selected in Chapter 2 over other more destructive methods such as 

thermocouples for acquiring temperature measurements. In the following section,  

metamodels are created for predicting the temperatures of the infrared pyrometers. The 

three most promising metamodeling techniques from Chapter 4, MARS, SVR, and RBF, 
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are used to construct metamodels of the infrared pyrometer path and critiqued using a set 

of performance metrics developed in Section 4.3.1. 

 

5.2.1  Thermal Model of Infrared Pyrometers 

The temperature profiles of the infrared pyrometers are an extension of the 

FLUENT
TM

 [8] models in section 4.2.1. Similar to the model in Chapter 4, a 3.18 mm 

wide square heat flux distribution with a constant traverse speed is applied to the 

symmetric commercial bronze (UNS C22000) geometry. The length of the weld 

specimen has been doubled to facilitate additional analysis of the metamodels in Section 

5.3. The new weld geometry is shown in Figure 5.1. Temperature-dependent material 

properties are still applied as shown in Table 4.1. The heat flux and traverse speed have 

been fine tuned to represent the capabilities of the welding station. The new values and 

other assumptions are summarized in Table 5.1. Fluid dynamics effects in the weld zone 

are ignored, and convection and radiation are applied at the boundaries. The time step 

size is now determined by the traverse speed and is equal to the amount of time required 

to move the heat source one mesh size.  

 

 

 

Figure 5.1: Specimen geometry 
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Table 5.1: FLUENT
TM

 assumptions 

Property Assumption 

Mesh Size 0.318 mm (1/80 inch) 

Range of Heat Inputs 1800 to 2200 W 

Range of Traverse Speed 2.12 to 8.80 mm/s (5 to 20.8 in/min) 

Geometry of Heat Flux Distribution Square 

Width of Heat Flux Distribution 3.18 mm (1/8 inch) 

Time Step (Adaptive) (Mesh Size)/(Traverse Speed) 

Heat Transfer Coefficient 10 W/m
2
K 

Free Stream Temperature 300 K 

External Emissivity 0.8 

External Radiation Temperature 300 K 

 

During the simulation, the applied heat flux traverses along the weld path, 

beginning at the origin in Fig. 5.1 and proceeding in the positive x-direction.  To collect 

temperature data near the weld zone, the infrared pyrometers used during experiments are 

mounted in relation to the heat source instead of the weld specimen. These infrared 

temperature sensors measure the temperature over a particular spot size. Because of a 

maximum temperature limitation and changes in emissivity in the weld zone, the region 

with molten material is avoided. Based on experimental testing, the closest infrared 

pyrometers can be positioned is 7.94 mm from the center of the weld pool. Therefore, for 

the thermal models, temperatures are captured at y = 7.94 mm and at the same x-position 

as the center of the traveling weld pool. The simulation is run for the length of time 

required for the weld pool to traverse the entire 30.48 cm long specimen. At every time 

step, the temperature at the x-coordinate of the weld pool (and therefore the infrared 

pyrometer) is saved. Figure 5.2 offers a schematic of the symmetric half of the specimen 

with the position of the infrared pyrometer relative to the welding heat source. 

Temperature measurements taken along the red line will be saved and used to create 

metamodels. The red line of interest (1.5 cm < x < 28.98 cm) neglects the sharp 
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temperature increases at the beginning and end of the weld. These regions could provide 

difficulty in training the metamodels and will instead be accounted for in a control 

algorithm. 

 

 

Figure 5.2: x and y coordinate space on top surface of welded geometry with area of 

interest along infrared pyrometer path 

 

5.2.2  Research Methodology and Preliminary Analysis 

The FLUENT
TM

 model described in Section 5.2.1 serves as the base model for the 

infrared pyrometer metamodels defined in this section. The most promising techniques 

for predictive process control—multivariate adaptive regression splines (MARS), support 

vector regression (SVR), and radial basis functions (RBF)—are created using training 

points from the FLUENT
TM

 model. These metamodels are evaluated under the set of 

criteria for predictive process control defined in Section 4.1 and the quantitative 

performance metrics for accuracy, training time, and prediction time defined in Section 

4.3.1. A strategy for selecting the training points is discussed in Section 5.2.2.1. The 

number of training points has a strong effect on the final performance of the metamodel; 

therefore, a sensitivity analysis is conducted on the appropriate number of training points 

for each model. The results of the sensitivity analysis of all three metamodeling 

techniques are discussed in Section 5.2.2.2. 
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5.2.2.1 Sampling Procedure 

Metamodels of the infrared pyrometer path are built as a function of heat input, Q, 

traverse speed, v, and x location on the welded specimen. The FLUENT
TM

 model 

described in Section 5.2.1 predicts temperatures along the infrared pyrometer path. This 

new thermal model differs significantly from the model used in Chapter 4 to train 

metamodels of a rectangular region of interest on the top surface of the weld specimen. 

The infrared pyrometer model used in this chapter evaluates temperatures for a set of x-

coordinates along the pyrometer path shown in Figure 5.2 but must be rerun for each 

combination of Q and v. Ideally, sample points would be generated from a traditional 

single stage three dimensional space filling design, but a single stage design would 

require that FLUENT
TM

 be re-executed for each sample point. Due to the computational 

expense of executing FLUENT
TM

 several hundred or more times, a two-stage space 

filling design can be used to much more efficiently acquire sample points. Jones et al. 

cite that prior experience supports the use of 10d training points [46]. The results of 

Chapter 4 showed that Hammersley sequencing outperformed Latin hypercubes. 

Therefore, in the first phase of this design, Hammersley sequencing generates a set of 20 

heat inputs and traverse speeds. The resulting (Q,v) coordinates of this experimental 

design are then used as the input for FLUENT
TM

 simulations. The FLUENT
TM

 

simulations save the temperatures along the pyrometer’s path as detailed in Section 5.2.1. 

Then, temperatures for the x-coordinates of the pyrometer’s path are sampled over the 

range [1.5, 28.98] cm using a one dimensional Hammersley sequencing (i.e. uniform 

sampling). The two-stage sampling strategy takes advantage of the entire field of x-

coordinates available for every FLUENT
TM

 simulation and reduces the total number of 

FLUENT
TM

 runs. 
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Confirmations points must be obtained with a separate experimental design and 

employ the same two-stage sampling strategy.  To avoid the uniform nature of 

Hammersley sequencing, Latin hypercube sampling of 10 sample points is employed to 

select a unique set of (Q,v) coordinates for the first stage of the confirmation sampling 

strategy. For the second stage, x-coordinates are sampled using a one dimensional 

Hammersley sequencing with 100 sample points. Combining the two phases of the 

experimental design provides 1000 confirmation points for accuracy and time metrics. 

 

5.2.2.2 Sensitivity Analysis of Number of Training Points and Selections 

Increasing the number of training points typically increases the accuracy of a 

metamodel, but acquiring the additional training points requires additional computational 

expense. The training and prediction times of the resulting model also increase with the 

number of training points. Because the benefits in accuracy of additional training points 

typically show diminishing returns, an optimal number of training points should be 

selected to accurately fit the metamodel without oversampling. Unlike the steady state 

model in Chapter 4, the Rosenthal analytical solution for steady state temperatures 

surrounding the weld zone [9] cannot provide reasonable temperature predictions of the 

infrared pyrometer measurements. Therefore, the Rosenthal model cannot be used as a 

preliminary analysis tool for selecting the most appropriate number of training points. 

Instead, the number of (Q,v) coordinates were fixed to 20 sets in Section 5.2.2.1 based on 

previous research. 

Because the FLUENT
TM

 simulations save temperature predictions at every x-

coordinate, the number may be excessive and should be optimized. A sensitivity analysis 

was conducted by separately varying the number of sample points for x-coordinates 
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between 2 and 100. For each set of sample points, all three types of metamodels are 

constructed and evaluated with accuracy metrics. By identifying where additional 

training points produce negligible increases in accuracy, the number of training points 

can be optimized while still maintaining acceptable accuracy. The results of the 

sensitivity analyses for MARS, SVR, and RBF are pictured in Figure 5.3, Figure 5.4, and 

Figure 5.5, respectively. 

 

(a) (b)

 

(c) 

Figure 5.3: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for MARS 
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(a) (b)

 

(c) 

Figure 5.4: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for SVR 
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(a) (b)

 

(c) 

Figure 5.5: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for RBF 
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5.2.2.3 Plan for FLUENT
TM

 Sampling and Metamodel Construction 

The sensitivity analysis for each technique was reviewed to determine the 

appropriate number of x-coordinates. The optimal number of coordinates was different 

for each metamodeling technique because each technique reached diminishing returns of 

accuracy at different levels of x sampling. The final selections for constructing each 

metamodel are listed in Table 5.2. 

In addition to selecting the proper sampling technique and number of training 

points, each metamodeling method has a set of options and parameter values for 

modeling the response. These options and parameter values were manually tuned to 

provide an optimal fit for each metamodel. The selected features of each metamodeling 

technique and the reference to their respective MATLAB toolbox are detailed in Table 

5.3 below. 

 

Table 5.2: Selections for Each Technique 

Technique Number of (Q,v) 

Coordinates 

Number of x 

Coordinates 

Total Training 

Points 

MARS 20 36 720 

SVR 20 43 860 

RBF 20 32 640 
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Table 5.3: Fitting Options and Parameters for Each Technique 

Metamodeling Technique Fitting Method Parameter Values 

Multivariate Adaptive 

Regression Splines 

(MARS) [42] 

 Piecewise-cubic splines 

 Cubic modeling 

implemented on forward 

and backward phases of 

final model 

 Prune model on backward 

phase 

 Minimum knot distance 

from boundary of training 

region and minimum span 

between knots imposed 

 maxFuncs=160 

 GCV penalty per knot=3 

 selfInteractions=1 

(default) 

 maxInteractions=3 

 threshold=0.00001 

 maxFinalFuncs=80 

 

Support Vector Regression 

(SVR) [43] 

 ε-SVR 

 Radial basis function 

kernel 

 Cost=60 

 Gamma=0.8 

 ε=0.001 

Radial Basis Functions 

(RBF) [44] 

 Linear radial basis function  k=1 (degree of basis 

function) 

 

5.2.3  Analysis of Results 

Final metamodels were constructed by sampling FLUENT
TM

 models according to 

the strategy outlined in Table 5.2.   The accuracy of each metamodel was calculated with 

a set of confirmation points.  The confirmation points were generated with a Latin 

hypercube of 10 (Q,v) coordinates and associated FLUENT
TM

 models and a one-
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dimensional Hammersley sequence of 100 x-coordinates from each FLUENT
TM

 

temperature profile as described in section 5.2.1. The time required to construct the 

metamodels with the number of training points specified in Table 5.2 and the time to 

predict the 1000 new training points are also recorded and analyzed. 

 

5.2.3.1 Analysis of Accuracy Metrics Results 

The accuracy of all three  techniques was analyzed across the 1000 confirmation 

points. Figure 5.6 displays each metamodel in comparison to the actual FLUENT
TM

 data 

for one set of (Q,v) from the confirmation points. The graphs provide a visual 

representation of the goodness of fit of each metamodel compared to the FLUENT
TM

 data 

for a heat input of 1814.9 W and a traverse speed of 2.88 mm/s. Table 5.4 and Figure 5.7 

show the performance of the metamodeling techniques for all 1000 confirmation points. 

Overall, MARS performed the best in all three performance metrics including at least an 

order of magnitude better than the other two techniques in MAE. SVR performed the 

second best in terms of the local accuracy metrics R
2
 and AAE but poorly in the global 

accuracy metric MAE. RBF outperformed SVR in MAE but posted the lowest accuracies 

for R
2
 and AAE. 

 

Table 5.4: Accuracy performance metrics for 1000 confirmation points 

Technique R
2
 AAE (K) MAE (K) 

MARS 1.000 1.45 5.25 

SVR 0.997 2.97 127.9 

RBF 0.994 6.63 80.9 
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(a) (b)

 

(c) 

Figure 5.6: Metamodel and FLUENT
TM

 plots of temperature prediction vs. x position of 

weld gun and infrared pyrometers for Q=1814.9 W/m
2
 and v=2.88 mm/s for (a) MARS, 

(b) SVR, (c) RBF 
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Figure 5.7: Chart of accuracy performance metrics for 1000 confirmation points 

 

5.2.5.2 Analysis of Time Metrics Results 

In addition to model accuracy, metamodel construction and prediction times are 

important for PPC applications. The construction time was measured for each 

metamodeling technique with the number of training points indicated in Table 5.2 and the 

training parameters listed in Table 5.3. The prediction time was calculated as the amount 

of time required to generate the 1000 confirmation points used for accuracy calculations. 

The wall clock times were tested on a Windows Vista 64-bit PC with an Intel® Core™ 2 

Duo 2.4 GHz processor with 4GB of RAM. The resulting construction and prediction 

times for all three techniques are listed in Table 5.5. MARS required the longest 

construction time due to the optimization and pruning of knot locations as well as 

limitations in the ARESLab [42] MATLAB toolbox. The most recent version of the 

toolbox still lacks Friedman’s ―Fast MARS‖ queuing [45] technique, which increases the 

computational expense of constructing MARS metamodels. If faster model construction 
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times are required for the inclusion of MARS in a PPC algorithm, the ―Fast MARS‖ 

queuing feature could be added to a custom MARS algorithm. Due to these limitations, 

MARS was a full order of magnitude slower than RBF, the fastest constructing model. 

SVR posted intermediate times for creating the model. For model prediction time, the 

results were reversed and MARS posted the fastest prediction times. SVR and RBF were 

second and last at predicting new points, but all three techniques posted respectable times 

under 0.1 s. 

 

Table 5.5: Time Performance Metrics 

Technique Time to Construct 

Model 

Time to Predict 

1000 New Points 

MARS 11.3 s 0.009 s 

SVR 3.4 s 0.043 s 

RBF 1.6 s 0.099 s 

 

5.2.4  Conclusions and Discussion 

Under the predictive process control criteria, MARS outperformed SVR and RBF 

at modeling the infrared pyrometer predictions. MARS posted the highest accuracy 

metrics and prediction times. Model construction time was the only cause of concern for 

MARS, but the benefits in accuracy and prediction times should outweigh the additional 

10 seconds in construction time. Based on the results from this study, MARS will serve 

as the metamodel for any applications of the constant velocity model. 
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5.3  TRANSIENT INFRARED PYROMETER MODELING 

The predictive process control algorithm requires changes in the welding input 

parameters to regulate the temperature profile of the welded specimen. As discussed in 

Chapter 2, the most appropriate input parameters to modify with the existing welding 

station are velocity and wire feed rate. To maintain a constant volume of filler metal, the 

wire feed rate is adjusted proportionally with traverse speed, and the combination of the 

two variables are treated as a single effect due to changes in velocity. Therefore, a 

thermal model that incorporates transient thermal behavior following changes in velocity 

will be a critical part of the control algorithm. The following section details the 

construction of a transient infrared pyrometer model to fulfill this requirement. 

 

5.3.1  Transient Thermal Model of Infrared Pyrometers 

As a preliminary analysis tool, the existing FLUENT
TM

 infrared pyrometer model 

was analyzed for the response to a step change in velocity. For this analysis, the specimen 

geometry and assumptions outlined in Section 5.2.1 were used. A heat input of 2018.2 W 

and an initial traverse speed of 4.46 mm/s were used as the input parameters for the first 

15.24 cm of the FLUENT
TM

 simulation. To observe the transient thermal response to a 

change in velocity, the velocity was changed to 3.68 mm/s for 15.24 ≤ x ≤ 30.48 cm. For 

comparison purposes, two additional simulations were conducted. These two simulations 

calculated the temperature profile for a 2018.2 W heat input and constant velocities of 

4.46 and 3.68 mm/s, respectively, for the entire 30.48 cm specimen. The thermal 

response to the step change in velocity was superimposed over the temperature profiles of 

the two constant velocity models. The resulting plot reveals that the transient thermal 

response resembles a decay function between the temperature profile for the initial 
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velocity and the new velocity (Figure 5.8). Based on the results of this analysis, it is 

hypothesized that the temperature profile of a step change in velocity can be 

approximated with the form: 

 

 

 

where  is the temperature at position x of the transient model,  is the 

temperature at distance x of the model with constant velocity ,  is the 

temperature at distance x of the model with constant velocity ,  is some unknown 

decay function,  is a Heaviside function, and d is the x coordinate of the heat flux 

when the change in velocity occurs (i.e. 15.24 cm for this test case).  

 

Figure 5.8: Results of FLUENT
TM

 transient effects study 
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The shape of the transient temperature profile in Figure 5.8 supports the use of an 

exponential decay function of the form: 

 

 

 

where  and  are some unknown constants affecting the rate of the exponential decay. 

Estimates of the true but unknown values of  and ,  and , can be determined 

using nonlinear least squares where the residuals, , given by the equation: 

 

 

 

The goal of least squared regression is to minimize the sum of the residuals. Therefore, 

these residuals are squared and summed to form the optimization problem: 

 

 

 

where n is the number of training points. By taking the partial derivative of the sum of 

squares of the residuals, the normal equations are formed: 
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The normal equations compose a system of non-linear equations, so it is impossible to 

solve for b0 and b1 using basic linear algebra. The Gauss-Newton method of solving for 

b0 and b1 is an iterative approach where: 

 

 

 

where  is given by normal equations in matrix form: 

 

 

 

where J is the Jacobian and  is the current vector of residuals, , given by 

 with the current iteration’s estimates of  and . Equation 5.8 can be 

easily rearranged to solve for . The iterative process continues until  reaches some 

user-defined convergence criteria (i.e. ). 

 The Gauss-Newton method was applied to FLUENT
TM

 simulation shown in 

Figure 5.8 as well as two other cases. The results are shown in Table 5.6. Based on the 

results of the analysis,  and  appear to be functions of Q, v1, and v2. Therefore, 

metamodels of  and  are constructed over a design space for Q, 

v1, and v2. Because  and  are no longer assumed to be constant, the function f(x) in 

Equation 5.1 now becomes f(x,Q,v1,v2).Predictions of the transient temperature profile 

can be now be generated by combining the decay function f with the constant velocity 

infrared pyrometer model. 
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Table 5.6: Nonlinear least squares estimates for three simulations 

Q (W) v1 (mm/s) v2 (mm/s) b1 b2 

2018.2 4.458 3.676 0.9592 32.38 

1831.8 7.607 5.969 1.022 46.11 

2145.5 6.079 7.773 1.024 45.61 

 

In addition to the nonlinear least squares metamodel for f(x,Q,v1,v2), metamodels 

of the decay function are also constructed using the most promising PPC techniques: 

MARS, SVR, and RBF. These four metamodels of the decay function are all paired with 

the constant velocity infrared pyrometer model to predict the transient temperature profile 

along the infrared pyrometer path. Because MARS outperformed SVR and RBF in the 

constant velocity infrared pyrometer metamodel comparison, nonlinear regression (NLR), 

MARS, SVR, and RBF metamodels of the decay function will all be paired with the 

MARS constant velocity model. The resulting combined models are referred to as 

MARS-NLR, MARS-MARS, MARS-SVR, and MARS-RBF. These four techniques are 

all subjected to the PPC criteria for accuracy and computational expense. 

 

5.3.2  Research Methodology and Preliminary Analysis 

The transient thermal model is constructed from the constant velocity thermal 

model developed in Section 5.2 and the decay function described in Section 5.3.1. The 

MARS constant velocity pyrometer metamodel performed the best overall in a series of 

performance metrics and serves as the base model for the study. The decay function 

f(x,Q,v1,v2) takes the form shown in Equation 5.1. MARS-NLR, , MARS-MARS, MARS-

SVR, and MARS-RBF metamodels are constructed and compared using the performance 

criteria developed in Section 4.3.1. The sampling strategy for gathering training points 
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for the metamodels of the decay function is defined in Section 5.3.2.1. A sensitivity 

analysis on the number of training points is conducted and discussed in Section 5.3.2.2. 

Based on the results of the sensitivity analysis, Section the number of training points and 

the parameters of each metamodel are selected in Section 5.3.2.3. 

 

5.3.2.1 Sampling Procedure 

Sample points at various heat input, Q, initial traverse speed, v1, new traverse 

speed, v2, and x location on the welded specimen are used to train a metamodel of the 

decay function response. The points are selected using a similar strategy to the two-stage 

method detailed in Section 5.2.2.1. For this model, 30 combinations of Q, v1, and v2 are 

sampled using Hammersley sequencing. Thirty samples were selected because the 

literature supports using 10d sample points as a general rule of thumb, where d is the 

number of independent variables [46]. The resulting FLUENT
TM

 input variables from the 

design of experiments are used to execute the transient FLUENT
TM

 model described in 

Section 5.3.1. In addition to the transient FLUENT
TM

 model, two constant traverse speed 

simulations are executed using the MARS metamodel from Section 5.2. The first 

simulation is executed with the input parameters (Q,v1) and the second simulation is run 

with the parameters (Q,v2). The simulations save the temperatures at the x-coordinates of 

the infrared pyrometer path. These x-coordinates are sampled according to a one 

dimensional Hammersley sequence (i.e. uniform sampling). The number of x-coordinates 

is selected according to the results of the sensitivity analysis in Section 5.3.2.2. 

Additional points are selected to calculate the accuracy metrics. These points are 

selected according to nearly the same strategy as the training points. Instead of 

Hammersley sequencing, a Latin hypercube of 10 sample points is used to select the 
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(Q,v1,v2) coordinates. Using a Latin hypercube ensures that the confirmation points will 

be selected with a quasi-random distribution. The randomness assures that the 

confirmation points will not follow the same distribution as the training points. The x-

coordinates are uniformly sampled with 100 sample points. By sampling 100 x-

coordinates for each of the 10 FLUENT
TM

 simulations, 1000 confirmation points are 

sampled in total. 

 

5.3.2.2 Sensitivity Analysis of Number of Training Points and Selections 

A sensitivity analysis compares the accuracy of the four metamodels of the decay 

function with the number of training points. Typically, increasing the number of training 

points increases the accuracy of a metamodel. Unfortunately, the additional training 

points often result in increased computational expense for training the models and 

predicting new points. Therefore, selecting an optimal number of training points can 

significantly benefit the final metamodel. For the decay function metamodels, the number 

of (Q,v) coordinates is fixed at 30 as explained in Section 5.3.2.1, and a sensitivity 

analysis is performed on the number of x-coordinates. The number of x-coordinates is 

incremented in values of one from 2 to 100. After every increment, the four metamodels 

are tested for the local and global accuracy metrics, MAE, AAE and R
2
. The results of 

the sensitivity analyses for nonlinear regression (NLR), MARS, SVR, and RBF 

metamodels of the decay function are pictured in Figure 5.9, Figure 5.10, Figure 5.11, 

and Figure 5.12, respectively. Unlike the sensitivity analyses performed during the 

comparative studies in Section 4.3.3 and Section 5.2.2.2, the accuracy metrics do not 

increase monotonically. Therefore, instead of selecting the optimal number of x-

coordinates based on the point of negligible increases in accuracy, the point with the best 
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accuracy metrics was selected as the optimal number of x-coordinates. Based on these 

graphs, the optimal number of training points for each metamodeling technique is 

selected in Section 5.3.2.4. 

 

(a) (b)

 

(c) 

Figure 5.9: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for NLR 
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(a) (b)

 

(c) 

Figure 5.10: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for MARS 
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(a) (b)

 

(c) 

Figure 5.11: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for SVR 
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(a) (b)

 

(c) 

Figure 5.12: Sensitivity analysis of (a) R
2
, (b) AAE, and (c) MAE for RBF 
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5.3.2.4 Plan for FLUENT
TM

 Sampling and Metamodel Construction 

A sensitivity analysis was performed in the previous section to select an optimal 

number of x-coordinates for each technique. The appropriate number of coordinates was 

selected for each metamodeling technique based on the number of x-coordinates that 

corresponded with the maximum accuracy or when the returns on increases in accuracy 

diminished. The number of training points for constructing each metamodel are listed in 

Table 5.7. During the sensitivity analysis, the options and parameter values for each 

metamodeling technique were manually tuned. Table 5.8 lists the parameter values for 

each model and the reference to the MATLAB toolbox used to create and predict new 

points. For nonlinear regression, the Newton-Gauss method is used to estimate the 

constants for the decay function. The procedure for using the Newton-Gauss method for 

this specific application is documented in Section 5.3.1, and the MATLAB code is 

provided in Appendix B. Since β1 and β2 are functions of Q, v1, and v2, a second degree 

polynomial is then used to model the response of the estimates of β1 and β2 for various 

combinations of Q, v1, and v2. Meanwhile, MARS, SVR, and RBF metamodels of the 

decay function can estimate values of f directly for a given combination of Q, v1, and v2. 

 

Table 5.7: Selections for Each Technique 

Technique Number of (Q,v1,v2) 

Coordinates 

Number of x 

Coordinates 

Total Training 

Points 

NLR 30 6 180 

MARS 30 7 210 

SVR 30 28 840 

RBF 30 25 750 
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Table 5.8: Fitting Options and Parameters for Each Technique 

Metamodeling Technique Fitting Method Parameter Values 

Nonlinear Regression 

(NLR) [Appendix B] + 

Polynomial Regression 

(PR) [41] 

 Least Squares (Gauss-

Newton Method) to 

estimate β1 and β2 

 2nd
 degree polynomial fit to 

estimates of β1 and β2 

 

Multivariate Adaptive 

Regression Splines 

(MARS) [42] 

 Piecewise-cubic splines 

 Cubic modeling 

implemented on forward 

and backward phases of 

final model 

 Prune model on backward 

phase 

 Minimum knot distance 

from boundary of training 

region and minimum span 

between knots imposed 

 maxFuncs=80 

 GCV penalty per knot=3 

 selfInteractions=1 

(default) 

 maxInteractions=3 

 threshold=0.0001 

 maxFinalFuncs=40 

 

Support Vector Regression 

(SVR) [43] 

 ε-SVR 

 Radial basis function 

kernel 

 Cost=20 

 Gamma=2 

 ε=0.001 

Radial Basis Functions 

(RBF) [44] 

 Linear radial basis function  k=1 (degree of basis 

function) 
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5.3.4  Analysis of Results 

Transient thermal models of the infrared pyrometer path were trained by 

combining the MARS constant velocity thermal model from Section 5.2 with metamodels 

of the decay function. The four metamodels of the decay function were trained according 

to the parameters listed in Table 5.8. The accuracy and computational expense of the 

combined MARS-NLR, MARS-MARS, MARS-SVR, and MARS-RBF models were 

measured using 1000 confirmation points generated independently from the training 

points. These points were sampled using a Latin hypercube of 10 (Q,v1,v2) coordinates 

that served as the input parameters to the transient FLUENT
TM

 model. From each 

FLUENT
TM

 confirmation point simulation, 100 x-coordinates were sampled for a total of 

1000 confirmation points. 

 

5.3.4.1 Analysis of Accuracy Metrics Results 

All four metamodeling techniques were evaluated with a local accuracy metric, 

maximum absolute error (MAE), and two global accuracy metrics, R
2
 and average 

absolute error (AAE). The metrics were calculated by comparing the predicted 

temperatures of the metamodels with the expected FLUENT
TM

 model temperatures. The 

results of the accuracy performance metrics are listed in Table 5.9 and shown in Figure 

5.13. All four metamodeling techniques produced models with strong R
2
 values. One way 

to view the R
2
 value is the ratio of the variance in the response described by the model to 

the total variance in the response. Therefore, all four metamodels describe at least 99.6% 

of the variance in temperatures. The small differences in the values of R
2
 for each 

technique are unlikely to be statistically significant. The other global accuracy metric, 

AAE, adds additional insight into the performance of each model. MARS-SVR and 

MARS-NLR perform approximately the same with the lowest errors. MARS-MARS has 
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the third lowest AAE and MARS-RBF has the highest average absolute error. MARS-

RBF also has the highest maximum absolute error. MARS-MARS and MARS-SVR place 

in the middle in MAE, and the MARS-NLR model possesses the lowest MAE by a 

significant margin. 

 

Table 5.9: Accuracy performance metrics for 1000 confirmation points 

Technique R
2
 AAE (K) MAE (K) 

MARS-NLR 0.999 2.60 14.4 

MARS-MARS 0.999 3.12 22.9 

MARS-SVR 0.999 2.57 22.9 

MARS-RBF 0.996 4.09 59.1 

 

Overall, nonlinear regression paired with the MARS constant velocity model 

outperforms the other three metamodeling methods on the accuracy performance metrics. 

In particular, MARS-NLR posted the best local accuracy by almost 8 K lower than 

MARS-MARS and MARS-SVR and approximately 45 K better than MARS-RBF. When 

the accuracy metrics are analyzed closely, the majority of the error appears to be derived 

from a single (Q,v1,v2) coordinate, (2092.7 W, 2.29 mm/s, 8.27 mm/s). This particular 

coordinate possesses the largest difference in velocity between v1 and v2. Figure 5.14 

provides a graph of the four metamodeling techniques’ predictions for this set of input 

parameters. As expected, MARS-NLR fits the FLUENT
TM

 data the best, MARS-MARS 

and MARS-SVR fit the data slightly worse, and MARS-RBF display the worst 

predictions. The MARS-NLR model’s ability to handle both small and large changes in 

velocity further supports that the metamodel is an accurate and robust solution. The AAE 

and MAE of the MARS-NLR model also share a similar magnitude with the estimated 

errors in infrared pyrometer temperature measurements calculated in Section 2.2.1. The 
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combination of low errors in both the measurements and predictions of temperatures 

support the suitability of infrared pyrometers and metamodels for PPC. The implications 

of the magnitudes of these errors are discussed with greater detail in Chapter 7. 

  

Figure 5.13: Chart of accuracy performance metrics for 1000 confirmation points 

 

5.3.4.2 Analysis of Time Metrics Results 

Computational expense of the metamodels carries as much weight as accuracy for 

the feasibility of PPC. To determine if the speed of the four metamodels adequately 

satisfy the criteria for PPC, the construction speed and prediction times of each model 

were measured. The transient model construction times were calculated as the time 

required to fit a model using the number of sample points specified for each technique in 

Table 5.7. Because the transient thermal model is constructed using predictions from the 
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MARS constant velocity thermal model, the construction times for all four models 

include the time required to predict the  and  values defined in Equation 5.1. 

These temperature values are used to scale  when solving for the decay 

function f. For MARS-MARS, MARS-SVR, and MARS-RBF, this time is summed with 

the time needed to train a metamodel for the decay function f. Meanwhile, the MARS-

NLR model requires an additional step to estimate the values of  and 

 in Equation 5.2 with nonlinear least squares regression. These estimates of 

 and  are used to train a second degree polynomial for  and 

. Because  and  are variables of the decay function, the second degree 

polynomial of  and  is considered an element of the decay function. Therefore, the 

transient model construction time for MARS-NLR is the sum of the time required to 

predict  and  using the constant velocity MARS metamodel, the time 

required to solve for estimates of  and  using NLR, and the time required to fit a 

second degree polynomial to the estimates of  and . The transient model construction 

times for all four metamodels do not include the time required to train the underlying 

MARS constant velocity metamodel. An additional total construction time metric for all 

four models is calculated by adding the transient model construction times with the 

MARS constant velocity metamodel construction time of 11.3 s. 

The prediction time metric measured the time required to predict 1000 new 

confirmation points. Prediction times for MARS-MARS, MARS-SVR, and MARS-RBF 

were measured as sum of the time required to predict  and  for the 

confirmation points using the constant velocity MARS metamodel, the time required to 

solve for the values of the decay function, and the time taken solving the algebraic 

expression in Equation 5.1 to predict  of the respective metamodeling 

technique. For MARS-NLR, prediction time included an additional time to use the 



 110 

second degree polynomial to predict the new estimates of  and  for the  

values of each confirmation point. 

The wall clock times were tested on a Windows Vista 64-bit PC with an Intel® 

Core™ 2 Duo 2.4 GHz processor with 4GB of RAM. The results of the time metrics 

analysis are compiled in Table 5.10. MARS-MARS posted the slowest transient model 

construction time at approximately 13 seconds while MARS-NLR was orders of 

magnitude smaller at 0.016 seconds. MARS-SVR and MARS-RBF recorded intermediate 

transient model construction times. As previously mentioned, the ARESLab [42] 

MATLAB toolbox does not include ―Fast MARS‖ queuing as defined by Friedman [45]. 

The absence of this feature increases the construction time of the MARS models. If 

MARS metamodel construction time becomes a limiting factor in the future, the feature 

could be added to a MARS algorithm. 

For the prediction time of 1000 confirmation points, MARS-NLR and MARS-

MARS timed similarly at under 0.02 seconds. MARS-SVR was slightly slower, and 

MARS-RBF clocked the slowest prediction times. The prediction times for all four 

techniques were below the target time of 0.177 s determined by the temperature 

measurement time delays in Section 2.3.1. However, times significantly lower than the 

goal time are still beneficial for PPC because the control algorithm must manipulate the 

temperature predictions in order to predict suitable changes in process variables. 
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Table 5.10: Time Performance Metrics 

Technique Time to Construct 

Transient Model 

Time to Construct 

Total Model 

Time to Predict 

1000 New 

Points 

MARS-NLR 0.016 s 11.3 s 0.014 s 

MARS-MARS 13 s 24.3 s 0.018 s 

MARS-SVR 1.4 s 12.7 s 0.055 s 

MARS-RBF 2.6 s 13.9 s 0.100 s 

 

 

(a)

 

(c)

 (b)

 

(d)

Figure 5.14: Metamodel and FLUENT
TM

 plots of temperature vs. x for Q=2092.7 W/m
2
, 

v1=2.29 mm/s, and v2=8.27 mm/s for (a) NLR, (b) MARS, (c) SVR, (d) RBF 
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5.3.5  Conclusions and Discussion 

For predictive process control applications, the MARS-NLR hybrid metamodel 

consisting of MARS and nonlinear regression (NLR) provides the best combination of 

accuracy and speed. The underlying MARS constant velocity infrared pyrometer model 

outperformed the other techniques in accuracy and prediction speed. The MARS constant 

velocity model serves as a base model for the transient temperature effects of a change in 

traverse speed. The change in temperatures following an adjustment in traverse speed 

was characterized best by nonlinear regression. The resulting MARS-NLR hybrid model 

performed similarly to the MARS-MARS and MARS-SVR hybrid model in terms of R
2
 

and AAE and outperformed all transient metamodels in maximum absolute error and time 

metrics. The accuracy and time metrics of the MARS-NLR model show promising 

potential for PPC applications based on the preliminary feasibility study conducted in 

Chapter 2. A complete review of the feasibility analysis is provided in Chapter 7. 

The creation of a transient infrared pyrometer model for a single change in 

velocity displayed strong evidence for the use of metamodels in PPC. However, the final 

metamodel utilized in a control algorithm will require predictions of a transient 

temperature response after several different changes in velocity. The expansion of the 

single velocity change model to multiple velocity changes is hypothesized to be relatively 

minor. To test this hypothesis, a FLUENT
TM

 simulation similar to Section 5.3.1 was 

conducted with a heat input of 2060 W. A minor modification was implemented to 

measure the temperature response following two changes in velocity. The model was run 

for an initial traverse speed of 6.35 mm/s for the first 15.24 cm of the FLUENT
TM

 

simulation. Then, the traverse speed was reduced to 5.08 mm/s for 15.24 ≤ x ≤ 17.78 cm. 

Finally, the velocity was changed to 3.81 mm/s for 15.24 ≤ x ≤ 30.48 cm. The resulting 

temperature distribution is plotted in Figure 5.14. As expected, transient behavior is 
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present following both changes in velocity. A transient thermal model accounting for 

numerous changes in velocity could theoretically be constructed with a similar procedure 

to the one documented in this chapter. However, the actual construction of this model is 

beyond the scope of this research. For the purpose of feasibility discussions, it is assumed 

that the multiple velocity changes model has accuracy and time metrics on the same order 

of magnitude as the MARS-NLR model. 

 

Figure 5.15: Results of FLUENT
TM

 transient effects study for two changes in velocity 

 

5.4  ROLE OF A TRANSIENT INFRARED PYROMETER MODEL IN DEVELOPING A 

CONTROL ALGORITHM 

The metamodel of the transient response in temperature following multiple 

changes in traverse speed discussed in Section 5.3.5 can assume a variety of roles in the 

development of a predictive process control algorithm. The possible functions of the 

metamodel can be separated into two major categories, simulating the welding process 
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and online contributions to the control algorithm. Simulating the welding process with 

the metamodel provides a number of constructive uses for the model. Namely, an 

accurate model serves as an excellent offline test bed for control algorithms. By adding 

noise to the temperature predictions according to the error estimates in Section 2.2.1 and 

applying other unexpected defects such as incorrect estimates of heat input and traverse 

speed, the model can serve as an offline representation of the welding process. Candidate 

control algorithms can attempt to ―control‖ the temperature response of this 

representation of the welding process by adjusting the model’s input parameters, which 

represent the controllable welding process parameters. These offline tests can assist in 

tuning various parameters inside the control algorithms (e.g. the constants in a PID 

controller) with minimized time and materials costs. Additionally, manually adding the 

deviations from the expected temperature profiles can aid in troubleshooting or 

systematically comparing various control algorithms. For example, one algorithm may 

successfully smooth noisy data but cannot handle unknown deviations in velocity. 

 

 

Figure 5.16: Proposed schematic of control algorithm 

The metamodel can also contribute directly to the control algorithm’s adjustments 

in traverse speed. Depending on the algorithm, the transient multiple traverse speed 
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changes metamodel (TMTSCM) could assume different roles. Most likely, the control 

algorithm would accept current welding parameters, heat input and traverse speed, and 

current temperature as the input variables. Based on some desired set temperature or 

temperature profile T(x), the control algorithm would make a decision on the change in 

traverse speed, Δv, at each time step. A schematic of the inputs and outputs of the control 

algorithm is shown in Figure 5.16. Because the current model functions with a different 

set of inputs and outputs, the model needs to be inverted. Because of the complication of 

the metamodel response functions, inversion would most likely take one of two forms. 

The first and simplest is inversion by optimization, but the method would need to be 

tested for computational expense and accuracy in correctly solving for the minima. The 

second method involves training a new metamodel with the same inputs and outputs as 

the control algorithm. The TMTSCM model could serve as the base model for acquiring 

training points. The new metamodel would likely generate new training points faster than 

performing optimization on an existing TMTSCM -model; however, the accuracy would 

need to be monitored in conjunction with the results of the optimization accuracy study to 

correctly select the best technique.  
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Chapter 6:  Residual Stress Models for Predictive Process Control 

In conjunction with a control algorithm for predictive process control (PPC) using 

predictive physics-based models, a PPC framework requires a method for assessing the 

quality of the end product. For welding applications, residual stresses are a common 

mode of failure and therefore an excellent metric for weld quality. In this chapter, a two-

dimensional mechanical model is developed in ABAQUS [47] to qualitatively assess the 

effects of changes in process parameters on weld quality. The results of the mechanical 

model are compared to previous measurements and predictions of residual stresses in 

welded specimens for model validation. Then, a case study is performed on the effect of 

preheating on residual stresses to determine the model’s ability to characterize the effect 

of changes in process parameters on residual stress. Finally, conclusions are drawn on the 

validity of the model and the effects of preheating. 

 

6.1  ABAQUS MECHANICAL MODEL PROPERTIES 

Correctly selecting mechanical model properties is paramount in successfully 

representing a physical phenomenon. For an uncoupled thermal-mechanical model, the 

boundary conditions, mechanical properties, and plasticity model must be carefully 

considered. The boundary conditions must reflect the fixturing during welding without 

over-constraining the problem. The temperature dependence of the material properties 

must also be given special consideration due to the thermal aspect of the model. A 

plasticity model which adequately represents the stresses and deformations of the 

material is then developed using some of these material properties.  
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6.1.1  Boundary Conditions 

Boundary conditions are essential to obtaining realistic results that mirror the 

physical behavior of the modeled system. Figure 6.1 shows a schematic of the 2D cross 

section of half of the symmetric weld specimen. The weld zone passes the cross section at 

the top left corner (x=0, y=6.35 mm), and the specimen is symmetric across the y-axis at 

x=0. The boundary conditions are assigned to enforce a realistic case of y-axis symmetry 

for large amounts of thermal expansion. The bottom left corner at the origin is fixed from 

translating in the x or y direction. For finite element analysis, at least one point must 

always be fixed to provide a reference point for the physical behavior of the rest of the 

elements. The origin was selected as the fixed point to leave the right side of the 

specimen free to expand and rotate freely. At the symmetric x=0 axis, roller boundary 

conditions were applied to prevent translation in the x direction in order to simulate the 

existence of the other half of the specimen. The translation in the y direction is 

unconstrained to allow for thermal expansion in the y direction. After solidification, these 

rollers would ideally be converted to y-symmetric boundary conditions (ux=0, urz=0) to 

simulate C
1
 continuity between the two halves of the specimen; however, the rotational 

degrees of freedom are not activated for two dimensional models. 

 

 

Figure 6.1: Schematic of two dimensional specimen with boundary conditions 
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6.1.2  Temperature Dependent Mechanical Properties of CuZn 

Material properties are sensitive to temperature. In order to properly model the 

physical behavior of the thermal expansion and contraction of the weld specimen, 

temperature dependent mechanical properties are required. Accurately modeling the 

mechanical properties of C22000 CuZn would be a large undertaking and beyond the 

scope of the desired analysis. Therefore, the goal of the temperature dependent properties 

is a qualitatively realistic approximation of the thermal expansion and plasticity behavior 

of CuZn. 

 

 

Figure 6.2: Temperature dependent mean CTE of CuZn 

For thermal expansion, quantitative data was acquired from Thermophysical 

Properties Research Laboratory, Inc [7]. The laboratory calculated the mean coefficient 

of thermal expansion between 373 and 1223 K. The results of their analysis are presented 
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in Figure 6.2. At temperatures greater than 1223 K, the mean coefficient of thermal 

expansion is assumed to be a constant value of 2.026*10
-5

 to prevent ABAQUS from 

extrapolating unrealistically large values. 

To model the elastic portion of the plasticity model, temperature dependent yield 

strength and Young’s modulus are required. The Young’s modulus of CuZn is assumed 

to be similar to pure copper. The Young’s modulus of copper was previously measured 

by Köster [48] and is presented in Figure 6.3. For temperatures above the melting point 

of CuZn, the Young’s modulus is reduced to be a constant value of 400 MPa to emulate 

the very low strength of the molten material. 

 

 

Figure 6.3: Temperature dependent Young’s modulus of Cu [48] 
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The temperature dependent yield strength is more difficult to calculate. The effect 

of low temperatures (4-295 K) on the temperature dependent yield stress of UNS C22000 

CuZn is established [49]. The effect of moderate heating (394 and 505 K) on the 

relatively similar 85/15 CuZn is also available [50]. Unfortunately, no experimental data 

was available for higher temperature conditions. Instead, the temperature dependent 

behavior is approximated with creep data of copper. The general equation for steady state 

creep rate [52] is: 

 

 

 

where  is the steady state creep rate, A is a material dependent constant, f  is a function 

of the applied stress  and Young’s modulus T(T),  is the activation energy, and R is 

the ideal gas constant. Young’s modulus depends on temperature as previously shown in 

Figure 6.3. Using algebra, Equation 6.1 can be rearranged to solve for  

 

 

 

Values of  are calculated by taking an approximate value of 30 kcal/mol for  

[52] and steady state creep data versus applied stress for several isotherms of copper [53]. 

If  is assumed to be primarily a function of applied stress, the logarithmic 

relationship between  and  shown in Figure 6.4 is obtained. 
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Figure 6.4: Applied stress versus  

 Using this relationship between  and , Equation 6.2 can be rearranged 

as: 

 

 

 

If  is held to a constant 10
-5

 sec
-1

, then applied stress becomes strictly related to 

temperature. Because the calculations were performed using steady-state creep data, the 

applied stress is assumed to be effectively the yield stress of copper. Combining the 

experimental yield stresses of CuZn alloys and the calculated yield stresses of copper 

from creep data, the curve for yield stress versus temperature shown in Figure 6.5 can be 

formulated. The curve of yield stress tends towards zero as the temperature reaches the 



 122 

melting point. Because ABAQUS cannot accept values of zero yield stress, the yield 

stress is set to a constant 100 kPa for temperatures above 1400 K. 

 

 

Figure 6.5: Graph of temperature dependent yield strength of CuZn 

 For the plastic portion of the plasticity model, the material is assumed to be 

linearly plastic. Therefore, plastic deformation is a function of yield stress and a plastic 

modulus, β, that are both functions of temperature. Approximate values of β(T) for low 

temperature were taken from experimental stress strain curves [49]. As temperatures 

increase, the material becomes perfectly plastic (β(T)=0) [53]. The perfectly plastic 

domain is assumed to begin at approximately T > Tm/2, where Tm is the melting point. 

Figure 6.6 shows the relationship between the plastic modulus and temperature for the 

experimental and theoretical data. 
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Figure 6.6: Graph of temperature dependent plastic modulus of CuZn 

 

6.1.3  Plasticity Model 

With the temperature dependent definitions of elastic modulus, yield strength, and 

plastic modulus, the plasticity model can be formulated for the residual stress models. An 

example of the plasticity model at 300 K is given in Figure 6.7. ABAQUS accepts the 

plasticity model in two distinct parts. The elastic region is defined by the Young’s 

modulus and Poisson’s ratio at a series of temperatures. For the model, a constant 

Poisson’s ratio of 0.34 is assumed [54]. The plastic region is defined at a series of 

temperatures by yield stress and plastic strain instead of the traditional stress versus total 

strain notation [55]. Therefore, at zero plastic strain, the yield stress equals the true yield 

stress. As the material plastically deforms, yield stress equals the stress value of the 

stress-strain curve while the plastic strain simply equals total strain minus elastic strain. 
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Figure 6.7 Graph of Plasticity Model of CuZn at 300 K 

 To ensure that the material properties were properly implemented into the residual 

stress model, the same material properties were first applied to a simple one dimensional 

tensile test coupon. The coupon represented a circular cross section beam with radius 1 

cm and length 1 m. For the 300 K temperature case, a 60 kN tensile force was applied to 

both ends by linearly ramping the force over the 0.1 second time step. The material is 

stronger at 200 K, so a 75 kN tensile force with similar conditions was applied. To test 

the material properties at higher temperatures, an additional test case was executed at 900 

K with a 6 kN tensile force. The results in Figure 6.8 show that the results of the tensile 

tests are in very good agreement with the desired material properties. The final material 

properties as formatted in the ABAQUS input file are listed in Appendix C.1. 
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Figure 6.8 Graph of ABAQUS plasticity model versus desired parameters 

 

6.2  RESEARCH METHODOLOGY 

The FLUENT
TM

 model detailed in Chapter 4 serves as the temperature profiles 

for the uncoupled thermal-mechanical model in ABAQUS. These temperature profiles 

are applied to a two dimensional cross section of the weld specimen with the boundary 

conditions and materials properties documented in section 6.1. In this section, the method 

for importing temperature profiles into ABAQUS is discussed along with a comparison 

of three different sets of model assumptions, a mesh convergence study, and an 

experimental plan for qualitatively assessing the effect of preheating on the residual stress 

of the CuZn welded specimen. 
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6.2.1  Importing Temperature Profiles to the Uncoupled Thermal-Mechanical 

Model 

The temperature profiles for the residual stress model are generated in 

FLUENT
TM

 with the same conditions as chapter 4 aside from a finer mesh size of 0.3175 

mm. At every time step, the temperatures at the plane z=7.62 mm (half of the length of 

the specimen) are saved for use in the mechanical model. These temperature profiles of 

the two dimensional cross section are imported into ABAQUS using a python script to 

add a frame of temperatures at each node of the cross section for every time step. These 

frames are added to an output database created in ABAQUS with a matching mesh size 

and a preexisting single frame of initial temperature values at 0.1 s (the FLUENT
TM

 time 

step size). The resulting enlarged output database is used as a predefined field at each 

step of the ABAQUS mechanical analysis. 

 

6.2.2  Comparison of Model Assumptions 

ABAQUS contains three different elements for two-dimensional structural 

analysis [56]. Plane stress, plane strain, and generalized plane strain each provide the user 

with a unique set of assumptions. Plane stress elements are typically used when the 

thickness of the cross section is relatively small in comparison to the in-plane (x,y) 

dimensions. The stresses are limited to the in-plane (x,y) coordinates. Therefore, the out 

of plane stresses (σzz, σxz, σyz) are equal to zero.  

Plane strain assumes that the strains are confined to the in-plane coordinates 

(εzz=0). Therefore, plane strain elements are typically used for structures that are very 

thick in comparison to their in-plane dimensions. However, in the case of thermal 

expansion, confining strains in the thickness direction creates large thermal stresses. For 
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plane strain elements, ABAQUS calculates stress in the thickness direction by ignoring 

plastic deformation and using the strictly elastic formula for stress: 

 

 

 

where ν is Poisson’s ratio. Based on this formulation, out of plane stress can grow 

rapidly and unrealistically large.  

Generalized plane strain elements can be used when a model lies between two 

planes of constant curvature, a reference plane and a second plane that is free to move in 

relation to the reference plane. Similar to plane strain elements, generalized plain strain is 

implemented for structures that are very thick in comparison to their in-plane dimensions. 

The difference lies in the innate ability to expand in the out of plane direction. Therefore, 

generalized plane strain elements are typically used in cases of long structures that are 

free to expand or witness axial loading. While plane stress and plane strain elements only 

have degrees of freedom in the directions of x-translation and y-translation, generalized 

plane strain has three additional activated degrees of freedom. These three degrees of 

freedom allow for changes in distance between the free plane and the reference plane as 

well as rotation of the free plane around the x and y axis. By allowing expansion in the 

axial direction, generalized plane strain avoids the unnaturally high thermal stresses of 

the plane strain case. 

These three elements were separately applied to the residual stress model to 

qualitatively compare them to expected residual stresses. All three elements were 

implemented with eight integration points (i.e. ABAQUS elements CPS8, CPE8, and 

CPEG8, respectively). Each model was constructed for a weld without preheat with the 

conditions outlined in section 6.1. The FLUENT
TM

 simulation used to generate the 
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temperature profiles was run until the weld specimen reached a nearly uniform 

temperature of approximately 355 K. The analysis was separated into three steps to 

facilitate convenient changes in time step size.  The time steps are set adaptively to allow 

the analysis to optimize the step sizes. The sizes of the time steps for each step are listed 

in Table 6.1. For the plane stress case, no additional considerations are necessary. 

 

Table 6.1: Step sizes for comparison of two-dimensional elements 

Step Name Duration (s) Min Step Size (s) Max Step Size (s) 

HeatUp 11.7 0.01 0.1 

Molten 0.7 0.001 0.005 

Cooling 786.7 0.001 5 

 

The plane strain case was first built with no special conditions but produced  

unnaturally large stresses in the axial direction, as expected. Therefore, a custom Fortran 

UEXPAN ABAQUS subroutine was written to calculate thermal expansion in the three 

principal directions based on the set of equations: 

 

 

                                                        (6.5) 

 

 

where α is the coefficient of thermal expansion, ΔT is the change in temperature, and 

  is defined as: 
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where   is the change in the average temperature of the entire cross section. This 

special case simulates the parallel expansion of two planes with zero stress at areas of 

average temperature, compression stresses at above average temperatures, and tensile 

stresses at below average temperatures. The UEXPAN subroutine is provided in 

Appendix C.2.  

 

 

Figure 6.9: Residual von Mises stresses in plane stress case 

For generalized plane strain, similar material properties, boundary conditions, and 

time steps as the plane stress and plane strain cases are used. To accommodate the 

additional degrees of freedom, the x-axis and y-axis rotations of the free plane are fixed in 

order to force the two planes to remain parallel. The translation between the two planes is 
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left free to allow for thermal expansion. This special condition of generalized plane strain 

is similar to the plane strain case defined earlier in this section. 

 A separate analysis of residual stress was performed for each set of assumptions. 

The analysis portion of the input files (i.e. the input files without the information 

regarding geometry) for each case are provided in Appendix C.3. For each model, von 

Mises stress is analyzed at the last time step to determine if the stress field is physically 

realistic. Plots of the residual stress fields are shown in Figures 6.9, 6.10, and 6.11.  

 

 

Figure 6.10: Residual von Mises stresses in plane strain case 
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Figure 6.11: Residual von Mises stresses in generalized plane strain case 

 The performance of the simplest case, plane stress elements, was the most 

physically unrealistic. Because of the absence of longitudinal stresses, the stresses are 

almost exclusively confined to the weld zone in the top left corner of the weld specimen. 

The lack of longitudinal stresses also hinders the scope of the analysis on the effect of 

process parameters on residual stress. Plane strain and generalized plane strain performed 

extremely similar with only one obvious difference. Because the formulation for 

longitudinal stress due to thermal expansion does not account for plasticity, the neutral 

axis with zero thermal stresses occurs in slightly different areas. For the plane strain case, 

the neutral axis is always where the nodal temperatures equal the average temperature. 

However, in the generalized plane strain case, the neutral axis is dependent on the 
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material properties, and the yield stresses near the weld zone are substantially lower than 

the yield stresses at the lower temperature regions away from the weld zone. The 

decrease in yield stress reduces the influence of the higher temperature region on the 

uniform expansion of the cross section. The effect leads to a decrease in overall thermal 

expansion and a smaller area of the plane under compressive stresses. Therefore, for 

generalized plane strain, the neutral axis is shifted farther away from the weld zone than 

in the plane strain case. The out of plane stress for both cases show this feature clearly in 

Figure 6.12 and Figure 6.13. Because the generalized plane strain case accounts for 

longitudinal stress in a more intuitive and physically realistic manner, generalized plane 

strain elements are selected as the most realistic two-dimensional modeling assumption. 

 

 

Figure 6.12: Out of plane stress in plane strain case (green contours are neutral stress) 
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Figure 6.13: Out of plane stress in generalized plane strain case (green contours are 

neutral stress) 

 

6.2.3  Mesh Convergence Study 

Mesh size can dramatically affect the results of a finite element analysis. In 

general, a finer mesh will provide more accurate results but require additional 

computational expense. Excessively fine meshes show diminishing returns on accuracy 

and wasted computational expense. Therefore, a finite element analysis should always 

include a mesh convergence study to properly balance accuracy and the use of system 

resources. For the mesh convergence study, the effects of mesh size on maximum von 

Mises stress and total CPU time on the generalized plane strain model described in 
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section 6.2.2 are monitored. The simulations were performed on a Dell Poweredge 2950 

workstation running Ubuntu Linux with two dualcore, hyperthreading 3.73 GHz Xeon 

processors with 24 GB of shared memory. The results of the study are shown in Figure 

6.14. 

For the generalized plane strain residual stress model, the maximum von Mises 

stress tends to converge to a local minimum as mesh size decreases. This decrease in 

stress shows diminishing returns as the mesh size continues to decrease. Meanwhile, the 

increase in computational expense tends to increase exponentially as mesh size decreases. 

At a mesh size of 0.4233 mm, the maximum von Mises stress begins to converge. The 

decrease in mesh size from 0.4233 mm to 0.3175 mm corresponds to a 0.2% decrease in 

maximum von Mises stress. The same decrease in mesh size also corresponds to a 59.8% 

increase in total CPU time. It can be concluded that the increase in computational 

expense outweighs the potential benefits in model accuracy. Therefore, the optimal mesh 

size of 0.4233 mm is used for all future analyses. 
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 (a)  (b)

Figure 6.14: Convergence study of (a) maximum von Mises stress and (b) total CPU time 

versus mesh size 

 

6.2.4  Experimental Plan 

After developing the residual stress model, a qualitative analysis can be 

performed on the effect of preheat on residual stresses in CuZn. Previous research shows 

that preheating can drastically reduce residual stresses in welded specimens [57]. In 

Section 6.3, a qualitative analysis is performed on the predictions of residual stresses in 

preheated and room temperature specimens. For each case, the temperature profiles are 

predicted using FLUENT
TM

 and imported into ABAQUS as detailed in Section 6.2.1. 

The input parameters for the FLUENT
TM

 simulation are based on the best weld achieved 

experimentally without preheating and a successful weld with preheating. The process 

parameters for both welding experiments are listed in Table 6.2. 

For the weld conducted without preheating, the welding process parameters are 

converted to a corresponding FLUENT
TM

 heat input by adjusting the heat input until the 

predicted peak thermocouple temperatures matched the peak thermocouple temperatures. 

The resulting temperature profiles are displayed in Figure 4.5 during the experimental 
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validation of the FLUENT
TM

 model. The heat input for the preheated welding experiment 

is estimated by assuming the two experiments had similar currents. Because power equals 

the product of voltage and current, the heat inputs are proportionally related with voltage. 

Therefore, reducing the voltage from 24.0 V to 23.5 V corresponds to a reduction in heat 

input from 2060 W to 2017 W. The traverse speed and initial temperature input 

parameters are gathered directly from the welding process parameters. The resulting input 

parameters used to execute the thermal model are listed in Table 6.3. The temperature 

profiles from both simulations are imported into the two-dimensional generalized plane 

strain ABAQUS model developed in Section 6.2.2 with the material properties and 

boundary conditions specified in Section 6.1. The two residual stress simulations are 

executed with the optimized mesh size of 0.4233 mm as determined in Section 6.2.3. The 

time steps from Table 6.1 are reused for the simulation without preheat. A new set of 

time steps is created for the preheat simulation and listed in Table 6.4. 

 

Table 6.2: Welding process parameters 

Case Voltage Traverse 

Speed 

Wire Feed 

Rate 

Gas Flow Initial 

Temperature 

No Preheat 24.0 V 6.35 mm/s 7.58 cm/s 38 cfm 300 K 

Preheat 23.5 V 4.23 mm/s 6.10 cm/s 37.5 cfm 673 K 

 

Table 6.3: Input parameters for FLUENT
TM

 simulations 

Case Heat Input Traverse Speed Initial Temperature 

No Preheat 2060 W 6.35 mm/s 300 K 

Preheat 2017 W 4.23 mm/s 673 K 
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Table 6.4: Step sizes for residual stress weld simulation with preheat 

Step Name Duration (s) Min Step Size (s) Max Step Size (s) 

HeatUp 17.2 0.01 0.1 

Molten 1.0 0.001 0.005 

Cooling 980.9 0.001 5 

 

6.3  ANALYSIS OF RESULTS 

 The two cases described in Section 6.2.4 are qualitatively compared to the NeT 

round robin comparison of residual stress predictions in a bead on steel plate weld [19]. 

While the institutions in the NeT round robin study modeled a different welding process, 

geometry, and material, the results of their analysis can be compared qualitatively to 

validate and add insight to the analysis. In particular, the transverse and longitudinal (i.e. 

σxx and σzz) residual stresses of the two CuZn welding simulations are analyzed along the 

same two lines used by Smith and Smith [19]. Line B-D follows the line x=0, and line B2 

tracks the stresses at depth y=2 mm on the coordinate system shown in Figure 6.1. The 

lines B-D and B2 are displayed on residual stress plots created by a NeT participant in 

Figure 6.15 [19]. 

 During the NeT round robin study, the measurements and predictions of the 

residual stresses along lines B2 and B-D from several institutions are superimposed in 

Figure 6.16 and Figure 6.18. The corresponding residual stresses of the room temperature 

and preheated CuZn welding simulations along lines B2 and B-D are presented in Figure 

6.17 and Figure 6.19. These four sets of graphs provide the data for the analysis of the 

generalized plane strain model developed in this chapter. Because the NeT study 

measured and predicted residual stresses in a weld without preheat, the results of their 

analysis can be used to validate the generalized plane strain model without preheat. Due 
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to differences in materials and welding parameters, the stresses cannot be directly 

compared. Instead, the general shapes and trends of the generalized plane strain model of 

bead on CuZn plate welds are compared to the three-dimensional model of bead on steel 

plate welds. After validating the two-dimensional model, the preheated and room 

temperature CuZn simulations are analyzed for the existence of an expected reduction in 

residual stresses. 



 139 

 

Figure 6.15: Predicted residual stress distributions in pascals at the weld mid-length by 

British Energy and Frazer-Nash Consultancy as part of the NeT round robin study, 

showing lines B-D and B2 in the (a) transverse and (b) longitudinal directions. Taken 

from reference [19]. 
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Figure 6.16: Comparison of predicted stresses from NeT round robin study along line B2 

in the (a) transverse and (b) longitudinal directions. Taken from reference [19]. 
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(a) (b)

Figure 6.17: Predicted stresses along line B2 in the (a) transverse and (b) longitudinal 

directions 

 The stress profiles in the transverse and longitudinal directions along line B2 

(Figure 6.16 and Figure 6.17) provide interesting information for the validation of the 

two-dimensional model. The longitudinal residual stresses along the line show extremely 

promising similarities in shape. In particular, the stresses of the two-dimensional model 

closely resemble the stresses predicted by the University of the West of England, UK 

(UWE). Unfortunately, the predicted stresses in the transverse direction along line B2 

display fewer similarities. In general, the stresses from the NeT study have a maximum 

value near x=0 mm and slowly decrease to zero stress at the boundary. The maximum 

value in the transverse direction is slightly lower than the maximum stress in the 

longitudinal direction, and none of the NeT round robin participants predicted 

compressive stresses in the transverse direction along B2. In contrast, the two-

dimensional model presented in this chapter predicts small tension stresses at x=0 mm 

that decrease and become compressive near the midpoint of B2 before returning to zero 

stress at the boundary. The transverse stresses are an order of magnitude smaller than the 
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longitudinal stresses in the two-dimensional model. The differences in shape and 

magnitude of the transverse stresses are a cause for concern. The source of the difference 

in transverse stresses are unlikely the result of differences in mechanical restraints. As 

mentioned in Section 3.1, the majority of the NeT round robin participants restrained the 

steel plate on only one corner. Because the NeT mechanical models and the two-

dimensional models presented here allow free expansion away from the weld zone, 

boundary conditions are unlikely to contribute significantly to the difference in transverse 

stresses. Missing three-dimensional effects such as thermal gradients in the longitudinal 

direction or the absence of a molten weld bead are more probable causes for different 

stress predictions. The contributions of these effects are discussed in the chapter 

summary in Section 6.4. 
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Figure 6.18: Comparison of predicted stresses from NeT round robin study along line B-

D in (a) transverse and (b) longitudinal directions [19] 
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(a) (b)

Figure 6.19: Predicted stresses along line B-D in (a) transverse and (b) longitudinal 

directions 

The transverse and longitudinal stresses along line B-D (Figure 6.18 and Figure 

6.19) supply further data to validate the two-dimensional model. The longitudinal stresses 

again show promisingly similar shapes to the three-dimensional models. The stresses 

begin with the maximum stress at a y depth of 0 mm before decreasing as the depth 

approaches the boundary. The only significant difference is the location of the peak 

stress. Because the NeT participants modeled the weld material with different mechanical 

properties including lower strength, the stresses inside the weld bead are reduced. As a 

corollary, the maximum longitudinal stresses along line B-D are located below the weld 

penetration at an approximate y depth of 2 mm. Meanwhile, in the transverse direction, 

the two-dimensional model and three-dimensional models both begin with tension 

stresses that initially slightly increase as depth increases. Then, at a depth of 

approximately 2 mm, the transverse stresses decrease and become compressive. Several 

participants of the NeT study predict that the stresses increase again as the depth 

approaches the boundary whereas the two-dimensional model predicts that the stresses 
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continue to decrease. This difference in behavior near the boundary might be attributed to 

the significantly thicker NeT weld specimen where the material near the boundary would 

see notably lower temperatures than the boundary of the 6.35 mm thick CuZn specimen. 

However, the magnitude of the transverse direction stresses in the two-dimensional 

model are still lower than expected. 

The depths between 0 and 2 mm are another possible area of concern. The 

transverse and longitudinal stresses in this region fluctuate drastically from node to node. 

These fluctuations may be attributed to the way ABAQUS predicts nodal stresses. The 

nodal stresses of each element are interpolated from the integration points of the element. 

Therefore, the changes in nodal stresses in this region are most likely attributed to the 

interpolation strategy rather than discontinuities in the stress field. 

Based on this analysis, the stresses in the longitudinal direction appear to closely 

resemble previous predictions and measurements of residual stress. While the 

longitudinal stresses performed well, the transverse stresses of the two-dimensional 

model show significantly lower magnitudes. Possible causes for the difference in 

transverse stresses are discussed in the chapter summary in Section 6.4. Despite the 

deficiencies in the modeling of transverse stresses, the model can still provide insight on 

the effects of preheating on residual stress. Along lines B2 and B-D, preheating reduced 

longitudinal residual stresses by approximately 60%. These results agree strongly with 

previous research that showed 50-75% reductions in the residual stresses of preheated 

specimens [57]. 
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6.4  CHAPTER SUMMARY 

The two-dimensional generalized plane strain model of residual stresses in CuZn 

developed in this chapter has strong qualitative agreement with the longitudinal stresses 

of three-dimensional models produced by other researchers. The model predicted 

reasonable reductions in longitudinal thermal stresses from preheating. Based on this 

analysis and previous research, preheating is an effective method for reducing failures 

because of residual stresses in welds. Any future welding experiments for mechanical 

analysis should be conducted on preheated weld specimens. 

Unfortunately, the shape and magnitudes of transverse stresses had poor 

agreement with previous research. In particular, the low magnitudes of transverse stresses 

suggest a missing contribution from the physical phenomenon of welding. As discussed 

in analysis of transverse stresses along line B-2 in Section 6.3, boundary conditions are 

unlikely to produce the differences in stress. Other possible sources of the error include 

missing effects from the three-dimensional model. For example, the three-dimensional 

model captures temperature gradients in the longitudinal direction that could create 

bending around the x-axis. However, bending in the x-direction would primarily affect 

the magnitudes of σyy and not the transverse stresses, σxx. The absence of a weld bead is a 

more likely source of the transverse stress difference. By applying the weld bead as a 

molten metal, additional stresses are incurred when the weld bead solidifies. Because of 

thermal contraction during the solidification and cooling process, the weld bead would 

introduce additional stresses in the transverse direction. Therefore, future analyses of 

residual stress should monitor the effects of applying molten weld bead material to the 

parent material. 
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Chapter 7: Conclusions and Future Work 

Conclusions of this research and avenues for future work are discussing in this 

chapter. First, the research objectives defined in Section 1.2 are revisited and evaluated 

for completion. Then, limitations of this research are discussed in regard to the research 

objectives. Potential areas of future work are stated based on these limitations and other 

prospective future research objectives. Finally, a brief closure is provided in Section 7.3.  

 

7.1 RESEARCH CONTRIBUTIONS 

7.1.1  Objective 1: Evaluate Feasibility of PPC Using Metamodels and Current 

Welding Station 

This research evaluated the feasibility of PPC of the welding process. In 

particular, the effects of welding process parameters were reviewed. Then, based on an 

existing experimental setup, welding traverse speed and weld wire feed rate were selected 

as controllable variables for a future control algorithm. Temperature measurements from 

infrared pyrometers were chosen as the nondestructive observable parameter. A future 

PPC algorithm will adjust traverse speed and wire feed rate based on a comparison of 

real-time measurements of temperature and expected temperature values. In order to 

formulate more intelligent control, models are constructed to predict the effects of 

changes in process parameters on temperature measurements. Because accurate finite 

element models are typically computationally expensive, metamodels are created to 

maintain the high fidelity of the finite element models while reducing computational 

expense. While the formulation of a PPC algorithm is beyond the scope of this work, the 

feasibility of PPC for welding applications can be assessed by analyzing the accuracy and 

time delay properties of the underlying experimental setup and metamodels. 
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The success of the algorithm will depend in part on the accuracy of the 

measurements and metamodel predictions of infrared pyrometer temperature. Based on 

an uncertainty analysis of infrared pyrometer positioning, emissivity, and intrinsic 

measurement error in Section 2.3.1, the total RMSE was estimated as + 134.9 / - 85.4 K. 

The error appears quite large; so, the highly conservative nature of using worst case 

scenario estimates of error should be considered. By breaking down the individual 

sources of error, the majority of the error can be attributed to pyrometer placement errors. 

Assuming correct pyrometer placement, the RMSE was calculated as a more reasonable 

+ 6.3 / - 17.3 K. Therefore, through a series of carefully planned calibration experiments 

and, if necessary, the development of a highly accurate positioning apparatus, the 

majority of the error can be removed from the temperature measurements. 

A control algorithm will also require accurate temperature predictions from the 

metamodel to intelligently tune process parameters. Therefore, accuracy of metamodel 

predictions became an important performance metric. In Section 5.3, four competing 

transient thermal metamodels of the path of the infrared pyrometer’s field of view were 

developed. The metamodels fit finite element data from a FLUENT
TM

 simulation of the 

effect of a change in welding process parameters. The simulation used a constant heat 

input that traversed along a 30.48 cm long weld specimen with an initial traverse speed 

for the first 15.24 cm before changing to a second traverse speed for the last 15.24 cm. 

The metamodels predict transient temperature behavior following the change in traverse 

speed. The hybrid MARS-NLR metamodel outperformed the other three models in 

performance metrics for temperature prediction times and accuracy. The resulting model 

has an average absolute error of 2.6 K and a maximum absolute error of 14.4 K. Because 

a control algorithm will most likely alter the traverse speed several times, enhancements 

must be made to the metamodel to predict temperature following multiple changes in 
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traverse speed. Assuming the resulting metamodel predicts temperatures with accuracies 

on the same order of magnitude as the MARS-NLR model, the accuracy of temperature 

measurements and predictions will likely be suitable for PPC. 

Time delays of the temperature measurements and predictions are another 

important factor to consider for the feasibility of PPC. The first consideration was the 

time delay of acquiring temperature information about changes in the temperature of the 

weld pool. In Section 2.3.1, this time delay was estimated by pulsing the weld specimen 

with heat at the weld zone and measuring the time required for half of the peak 

temperature to be seen at the position of the field of view of the infrared pyrometers. 

Both analytical and numerical solutions of the time delay were calculated for two 

temperatures with different thermal diffusivities. The two methods calculated time delays 

ranging from a minimum value of 0.126 s to the most conservative estimate of 0.177 s. 

These estimates of time delay provide an approximation of the distance the weld pool 

travels before an errant temperature can be detected. Based on reasonable welding 

traverse speeds between 2.12 and 12.7 mm/s, these time delays correspond to distances 

between 0.27 and 2.2 mm. Theoretically, an errant temperature could be detected in a 

distance smaller than the 3.18 mm diameter weld pool. 

Ideally, the control algorithm can inform the motor controller about changes in 

traverse speed before changes in the weld pool are witnessed. The total computational 

expense of the control algorithm is determined by the prediction times of the metamodels 

and any comparisons to temperature measurements and manipulation of data (e.g., 

optimization, integration, differentiation, etc.). Because the exact features of the control 

algorithm are still undefined, the computational expense is estimated using the prediction 

times of the metamodel. For this discussion, the enhanced metamodel incorporating the 

effects of multiple changes in traverse speed is assumed to have similar prediction times 
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to the MARS-NLR metamodel developed in Section 5.3. The MARS-NLR model 

predicts 1000 points in a wall clock time of 0.014 s on a Windows Vista 64-bit PC with 

an Intel® Core™ 2 Duo 2.4 GHz processor with 4GB of RAM. Unless the control 

algorithm requires excessive mathematical operations such as a large number of 

optimization iterations, the computational expense of the control algorithm should be on 

the same order of magnitude or smaller than the time delays in temperature 

measurements. Therefore, the control algorithm should be able to intelligently tune 

traverse speed and wire feed rate before the most recent changes in the weld pool can be 

observed. 

Overall, evidence suggests that the control of the welding process with infrared 

pyrometers and metamodels is feasible. Based on a preliminary analysis on the accuracy 

and time delays of temperature measurements from infrared pyrometers and predictions 

from thermal metamodels, predictive process control has strong potential for control 

welding applications. Further analysis will need to be conducted after prior research on 

control algorithms is reviewed. Additionally, the assumptions on the prediction times and 

accuracies of the final thermal metamodel must be revisited after the models are 

upgraded to include the transient effect of multiple changes in traverse speeds.  

 

7.1.2  Objective 2: Establish Criteria for PPC and Construct Metamodels of 

Welding Process 

PPC specific criteria were developed in Section 4.1 for the evaluation of 

candidate metamodeling techniques. The set of criteria consists of accuracy, time for 

building model (and update-ability), time for executing model (i.e. time to predict new 

points), scalability, multimodality, and transparency. Performance metrics for accuracy, 

model construction time, and model prediction times were developed in Section 4.3.1 to 
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quantitatively compare candidate metamodels. These performance metrics were 

implemented in the quantitative comparisons of candidate metamodelling techniques in 

Chapter 4 as well as the evaluation of metamodels of the infrared pyrometer path in 

Chapter 5. The metrics for accuracy and prediction times also contributed to the analysis 

of the feasibility of PPC. 

The remaining criteria are more difficult to characterize. Scalability, for example, 

is difficult to quantify. Instead, as metamodel dimensions increase in the future, accuracy 

metrics must be reevaluated to determine the ability of a metamodel technique to 

maintain accuracy in higher dimensions. For the scope of this research, a maximum of 

four independent variables was used to model a temperature response. In the future, the 

scale of the metamodels could increase to include additional effects such as weld 

specimen geometry and material properties. As model complexity increases, a 

quantitative analysis could determine the effect of additional dimensions on the accuracy 

of each metamodeling technique. 

Likewise, multimodality is difficult to characterize independently of other factors. 

The quantitative effects of multimodality are considered a contributing factor to 

inaccuracy. Metamodels of the temperature profiles in the weld specimen provided a 

unique case study of modality. In the comparative study performed in Chapter 4, 

metamodels were constructed of the top surface of the weld specimen. The temperature 

profiles were relatively smooth function for the majority of the design space but included 

steep gradients near the weld zone. These steep gradients were particularly difficult for 

polynomial regression to approximate. Kriging modeled the area near the weld zone with 

the highest accuracy. The accuracy of kriging can most likely be attributed to the 

interpolating characteristics of the technique. MARS had the second highest agreement to 

the FLUENT
TM

 model. Because MARS models the temperature response as a series of 
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splines, MARS was able to segregate the smooth areas and steep gradients of the 

temperature profile. Meanwhile, SVR and RBF models of the temperature profiles 

performed moderately in accuracy performance metrics near the weld zone. Additional 

testing is required to determine if these trends in accuracy metrics hold for other cases of 

multimodality. 

Finally, transparency of metamodels is defined as the amount of information 

pertaining to the contributions of independent variables and their interactions on the 

response of the metamodel. For example, the coefficients of polynomial regression 

provide information on the magnitude of the effects of independent variables and their 

interactions. Conversely, other techniques such as neural networks closely resemble black 

boxes. An application requiring transparency did not surface in the scope of this research, 

but the criterion will continue to be evaluated in the future. 

 

7.1.3  Objective 3: Develop Method for Qualitatively Assessing Weld Quality 

Predictive process control mandates a nondestructive quality metric of small lot, 

end-user parts. For welded parts, residual stresses are a common mode of failure. In 

Chapter 6, a two-dimensional generalized plane strain model was developed in ABAQUS 

for qualitatively predicting residual stresses. The predicted stresses of this model were 

qualitatively compared to previous research in the measurements and predictions of 

residual stress. This assessment showed strong agreement of predicted longitudinal 

residual stresses with previous research on the residual stresses in bead on plate welds. 

Unfortunately, stresses in the transverse direction have only some agreement with 

previous research. Possible solutions to the inconsistencies in transverse stresses are 

provided in the next section on limitations and future work. 
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To determine the capabilities of the mechanical model for qualitatively assessing 

weld quality, a preheating case study was developed. The processing parameters of the 

strongest experimental welds, one initially at room temperatures and the other with 

preheating, were evaluated using the mechanical model. The preheated specimen showed 

approximately 60% lower longitudinal residual stresses than the specimen without 

preheating. The magnitude of the reduction in residual stresses agrees with previous 

research that calculated reductions in stress between 50 and 75% [57]. Therefore, despite 

the need for corrections in the modeling of transverse residual stresses, the longitudinal 

stresses provided strong qualitative predictions for assessing weld quality. 

 

7.2 LIMITATIONS AND FUTURE WORK 

7.2.1 Objective 1: Evaluate Feasibility of PPC Using Metamodels and Current 

Welding Station 

The transient metamodel of the infrared pyrometer path developed in Section 5.3 

only predicts the temperature response of a single change in traverse speed. A control 

algorithm will make multiple adjustments to the value of traverse speed during the 

welding process. Therefore, the final model used in the PPC algorithm must predict the 

temperature measured by the infrared pyrometers following several changes in traverse 

speed. The performance metrics for temperature prediction times and accuracy will need 

to be reevaluated for a final assessment on the feasibility of PPC of welding applications 

using the current experimental setup. 

Additional experiments must also be conducted to validate the finite element 

model used to train the metamodels. Without strong agreement between measured values 

of temperature and temperatures calculated by the finite element model, the control 
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algorithm cannot make informed decisions regarding the tuning of process parameters. 

These experiments may also assist in verifying the errors estimated in the uncertainty 

analysis of the infrared pyrometer measurement errors. The results of this set of 

experiments could aid in the assessment of pyrometer placement error. If acceptable 

calibration of the pyrometer positioning cannot be obtained, then new infrared pyrometer 

mounts may need to be designed. Any new mounts should feature a more repeatable 

positioning system and a finer resolution of accuracy. 

 

7.2.2  Objective 2: Establish Criteria for PPC and Construct Metamodels of 

Welding Process 

The criteria developed for assessing metamodels constructed for PPC should 

continue to be utilized in the evaluation and comparison of metamodeling techniques. As 

more complex metamodels are constructed, particular caution should be taken to monitor 

the effects of scalability on the accuracy of the metamodel. In the future, transparency 

may become an important feature for PPC. If a critical need for transparency arises, a 

quantitative metric should be developed. 

 

7.2.3  Objective 3: Develop Method for Qualitatively Assessing Weld Quality 

The two-dimensional mechanical models of residual stress performed well at 

qualitatively predicting longitudinal residual stresses but poorly at predicting transverse 

stresses. The small magnitude of the transverse stresses could be attributed to a missing 

element of the physical phenomenon of welding. The strongest candidate for the incorrect 

stress calculations is the absence of the weld bead. Because the weld bead is applied to 

the base metal as a molten material, the new material begins with nearly zero stress. As 
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the molten metal cools and solidifies, the metal contracts and imparts stresses on the base 

metal. The majority of this additional stress would most likely contribute to the transverse 

stresses. The molten metal could be added using the element birth feature in ABAQUS. 

An additional material model would also need to be developed for the newly modeled 

weld material. 

Depending on the outcome of enhancing the model to include the weld metal, the 

mechanical model may need to be expanded to a three-dimensional model. The move to 

three-dimensional space is less favorable for two reasons. The first reason is that a three 

dimensional model would greatly increase the complexity and computational expense of 

the mechanical model. Secondly, the effects of the third dimension are likely to be 

secondary. The most likely missing effect from the longitudinal dimension is the absence 

of temperature gradients in the longitudinal direction. These temperature gradients may 

create some bending, but the magnitude of the contribution is expected to be an order of 

magnitude smaller. The direction of the bending is also unlikely to affect the transverse 

stresses under review. 

Lastly, more accurate mechanical properties of the base and weld metal could be 

ascertained by experiments. However, the effects of small increases in the accuracy of the 

material properties will likely have minimal effects on the qualitative assessment of weld 

quality. 

 

7.2.2 Additional Avenues of Potential Research 

The implementation of metamodels in a PPC algorithm will most likely lead to 

several constructive new topics of research. One of the most promising research problems 

is the effect of pyrometer position on the quality of an implementation of PPC. Moving 
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the infrared pyrometers farther from the weld zone would likely reduce the uncertainty in 

measured temperatures but increase the time delay in receiving temperature information 

about changes in heat inside the weld pool. The tradeoff between accuracy and speed 

proposes an interesting multiobjective optimization problem. 

Another area for future work is the expansion of PPC of welding to multiple 

materials and geometries. Different materials would most likely be modeled inside the 

finite element model and then propagated to the metamodels. However, the modeling of 

multiple materials would introduce new independent variables in the construction of the 

metamodels. The addition of new independent variables would increase the required 

number of training points. Similarly, increasing the robustness of the algorithm to 

incorporate various geometries would also increase model complexity. These increases in 

model complexity would raise model construction and prediction times as well as 

possibly reduce accuracy. Therefore, an expanded model would require a review of the 

feasibility of the metamodel for PPC.  

 

7.3 CLOSURE 

The feasibility of PPC using an existing experimental welding setup with infrared 

pyrometers and metamodels was evaluated in this research. Based on the accuracy and 

time delays of temperature measurements and predictions, the concept of PPC is 

tentatively considered feasible. The metamodels predict temperature values and are used 

to make informed decisions on the real-time tuning of traverse speed. To make a final 

assessment on the feasibility of PPC, the metamodels must be expanded to model 

multiple changes in traverse speed as well as undergo several sets of experiments for 

model validation and repeatability. 
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Additionally, a mechanical model was developed to predict the qualitative effects 

of welding process parameters on residual stress. Preliminary testing has validated the 

longitudinal stresses, but supplementary work is required to correct the accuracy of 

stresses in the transverse direction. This mechanical model will act as a complementary 

tool to the PPC algorithm and provide qualitative results regarding differences in quality 

between sets of welded specimens without destructive testing. 

Overall, predictive process control has strong merits for manufacturing processes. 

For the case study of welding small lot, end-user parts, PPC has the potential to greatly 

reduce manufacturing costs such as material waste. The concept of PPC can likely be 

applied to any manufacturing method with easily controllable process parameters and an 

observable variable to assess the current condition of the process. However, careful 

consideration must be taken to properly measure the accuracy and time delays of the 

measurements and predictions of the observable parameter. 
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Appendix A: Sensitivity Analysis of the Number of Sampling Points for 

Comparative Study of Metamodels 

(a)

(c) 

(e)

(b)

(d) 

(f)

Figure A.1: Sensitivity analysis of R
2
 values of polynomial regression for (a) 15, (b) 20, 

(c) 25, (d) 30, (e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates. 

Matrix singularities caused poor fits in plots of (a) 15 and (b) 20 (Q,v) coordinate pairs.
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(a)

(c) 

(e)

(b)

(d) 

(f)

Figure A.2: Sensitivity analysis of AAE values of polynomial regression for (a) 15, (b) 

20, (c) 25, (d) 30, (e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) 

coordinates. Matrix singularities caused poor fits in plots of (a) 15 and (b) 20 (Q,v) 

coordinate pairs.
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(a)

(c) 

(e)

(b)

(d) 

(f)

Figure A.3: Sensitivity analysis of MAE values of polynomial regression for (a) 15, (b) 

20, (c) 25, (d) 30, (e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) 

coordinates. Matrix singularities caused poor fits in plots of (a) 15 and (b) 20 (Q,v) 

coordinate pairs
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.4: Sensitivity analysis of R
2
 values of kriging for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.5: Sensitivity analysis of AAE values of kriging for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.6: Sensitivity analysis of MAE values of kriging for (a) 15, (b) 20, (c) 25, (d) 

30, (e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.7: Sensitivity analysis of R
2
 values of MARS for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.8: Sensitivity analysis of AAE values of MARS for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.9: Sensitivity analysis of MAE values of MARS for (a) 15, (b) 20, (c) 25, (d) 

30, (e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.10: Sensitivity analysis of R
2
 values of SVR for (a) 15, (b) 20, (c) 25, (d) 30, (e) 

35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.11: Sensitivity analysis of AAE values of SVR for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.12: Sensitivity analysis of MAE values of SVR for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates



 170 

(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.13: Sensitivity analysis of R
2
 values of RBF for (a) 15, (b) 20, (c) 25, (d) 30, (e) 

35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.14: Sensitivity analysis of AAE values of RBF for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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(a) 

(c) 

(e)

(b) 

(d) 

(f)

Figure A.15: Sensitivity analysis of MAE values of RBF for (a) 15, (b) 20, (c) 25, (d) 30, 

(e) 35, and (f) 40 (Q,v) coordinate pairs vs. number of (x,y) coordinates
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Appendix B: MATLAB Algorithm for Newton-Gauss Method of Solving 

Nonlinear Least Squares Regression 

 

 

 

function [Beta, iterations] = nonlinear_least_squares(x,y) 

  
%Solves for estimates of Beta1 and Beta2 iteratively using Gauss-Newton 

Method 
%Returns estimates of Beta and number of iterations until convergence 

  
Beta=[1;20];    %initial estimates of Beta1 and Beta2 
loop=0; 
iterations=0; 
while loop==0 
    r=y-expfunction(Beta,x);        %solve for residuals 
    J=expjacobian(Beta,x);           %call function for Jacobian values 
    delta=inv(J'*J)*J'*r;           %solve for delta values 
    Beta=Beta+delta;                %increment Beta values 
    iterations=iterations+1;        %increment iterations count 
    %check for convergence: 
    if abs(delta(1)) <= 0.0001 && abs(delta(2)) <= 0.0001 
        loop=1; 
    end 
end 

  

  

  
function Jacob = expjacobian(BetaHat,xdata) 

  
%solves for Jacobian values of x for current iteration's estimates of 

Betas 

  
Jacob(:,1)=ones(length(xdata),1)-exp(-BetaHat(2).*xdata); 
Jacob(:,2)=BetaHat(1).*xdata.*exp(-BetaHat(2).*xdata); 

  

  

  
function F = expfunction(BetaHat,xdata) 

  
%solves for values of function given values of x  
%for the current iteration's estimates of Betas 

  
F = BetaHat(1).*(ones(length(xdata),1)-exp(-BetaHat(2).*xdata)); 
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Appendix C: Material Properties and Analysis Portions of Input Files 

for ABAQUS Mechanical Models 

 

APPENDIX C.1: MATERIAL PROPERTIES PORTION OF INPUT FILES 

 

 

**  

** MATERIALS 

**  

*Material, name=CuZn 

*Conductivity 

 179.68, 

*Density 

 7735.43, 

*Elastic 

 1.33124e+11, 0.34, 200. 

  1.2948e+11, 0.34, 300. 

 1.25136e+11, 0.34, 400. 

 1.20092e+11, 0.34, 500. 

 1.14348e+11, 0.34, 600. 

 1.07904e+11, 0.34, 700. 

  1.0076e+11, 0.34, 800. 

 9.29158e+10, 0.34, 900. 

 8.43718e+10, 0.34,1000. 

 7.51277e+10, 0.34,1100. 

 6.51837e+10, 0.34,1200. 

 5.45396e+10, 0.34,1300. 

 4.31956e+10, 0.34,1400. 

 1.31956e+10, 0.34,1425. 

 3.19559e+09, 0.34,1450. 

 1.19559e+09, 0.34,1475. 

       4e+08, 0.34,1500. 

       4e+08, 0.34,1600. 

       4e+08, 0.34,1700. 

       4e+08, 0.34,1800. 

       4e+08, 0.34,1900. 

       4e+08, 0.34,2000. 

       4e+08, 0.34,2100. 

       4e+08, 0.34,2200. 

       4e+08, 0.34,2300. 

       4e+08, 0.34,2400. 

       4e+08, 0.34,2500. 

*Expansion 

 1.71718e-05, 373. 

 1.72163e-05, 383. 

 1.72633e-05, 393. 

  1.7295e-05, 403. 

 1.73466e-05, 413. 
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 1.73885e-05, 423. 

 1.74353e-05, 433. 

 1.74737e-05, 443. 

 1.75133e-05, 453. 

  1.7565e-05, 463. 

 1.76046e-05, 473. 

 1.76508e-05, 483. 

 1.76831e-05, 493. 

 1.77248e-05, 503. 

 1.77674e-05, 513. 

 1.78139e-05, 523. 

  1.7851e-05, 533. 

 1.78926e-05, 543. 

 1.79319e-05, 553. 

 1.79679e-05, 563. 

  1.8007e-05, 573. 

 1.80449e-05, 583. 

 1.80746e-05, 593. 

 1.81082e-05, 603. 

  1.8144e-05, 613. 

 1.81755e-05, 623. 

 1.82071e-05, 633. 

 1.82331e-05, 643. 

 1.82653e-05, 653. 

  1.8297e-05, 663. 

 1.83251e-05, 673. 

 1.83243e-05, 683. 

 1.83824e-05, 693. 

  1.8409e-05, 703. 

 1.84431e-05, 713. 

 1.84715e-05, 723. 

 1.84968e-05, 733. 

 1.85268e-05, 743. 

 1.85523e-05, 753. 

 1.85825e-05, 763. 

 1.86099e-05, 773. 

 1.86346e-05, 783. 

 1.86609e-05, 793. 

 1.86893e-05, 803. 

 1.87153e-05, 813. 

 1.87439e-05, 823. 

  1.8774e-05, 833. 

 1.88076e-05, 843. 

  1.8838e-05, 853. 

 1.88644e-05, 863. 

  1.8886e-05, 873. 

  1.8912e-05, 883. 

 1.89353e-05, 893. 

 1.89636e-05, 903. 

 1.89931e-05, 913. 

 1.90285e-05, 923. 

 1.90571e-05, 933. 

 1.90892e-05, 943. 
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 1.91215e-05, 953. 

 1.91519e-05, 963. 

 1.91829e-05, 973. 

 1.92147e-05, 983. 

 1.92464e-05, 993. 

  1.9279e-05,1003. 

 1.93099e-05,1013. 

 1.93434e-05,1023. 

 1.93754e-05,1033. 

  1.9407e-05,1043. 

 1.94385e-05,1053. 

  1.9467e-05,1063. 

 1.94981e-05,1073. 

 1.95289e-05,1083. 

 1.95592e-05,1093. 

 1.95944e-05,1103. 

 1.96305e-05,1113. 

  1.9686e-05,1123. 

  1.9779e-05,1133. 

 1.99097e-05,1143. 

 1.99873e-05,1153. 

 2.00227e-05,1163. 

  2.0059e-05,1173. 

 2.01003e-05,1183. 

  2.0142e-05,1193. 

 2.01835e-05,1203. 

 2.02244e-05,1213. 

 2.02621e-05,1223. 

 2.02621e-05,1400. 

 2.02621e-05,1500. 

 2.02621e-05,1600. 

 2.02621e-05,1700. 

 2.02621e-05,1800. 

 2.02621e-05,1900. 

 2.02621e-05,2000. 

 2.02621e-05,2100. 

 2.02621e-05,2200. 

 2.02621e-05,2300. 

 2.02621e-05,2400. 

*Plastic 

 1.02857e+08,        0.,      200. 

 1.16424e+08, 0.0241254,      200. 

 1.30424e+08, 0.0490203,      200. 

 1.44424e+08, 0.0739151,      200. 

 1.58424e+08, 0.0988099,      200. 

 1.72424e+08,  0.123705,      200. 

 1.86424e+08,    0.1486,      200. 

 2.00424e+08,  0.173494,      200. 

 2.14424e+08,  0.198389,      200. 

 2.28424e+08,  0.223284,      200. 

 2.42424e+08,  0.248179,      200. 

 8.64286e+07,        0.,      300. 

 9.68611e+07, 0.0242519,      300. 
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  1.0758e+08, 0.0491691,      300. 

 1.18299e+08, 0.0740864,      300. 

 1.29017e+08, 0.0990036,      300. 

 1.39736e+08,  0.123921,      300. 

 1.50455e+08,  0.148838,      300. 

 1.61174e+08,  0.173755,      300. 

 1.71892e+08,  0.198672,      300. 

 1.82611e+08,   0.22359,      300. 

  1.9333e+08,  0.248507,      300. 

 7.14286e+07,        0.,      400. 

 7.91238e+07, 0.0243677,      400. 

 8.69988e+07, 0.0493048,      400. 

 9.48738e+07, 0.0742418,      400. 

 1.02749e+08, 0.0991789,      400. 

 1.10624e+08,  0.124116,      400. 

 1.18499e+08,  0.149053,      400. 

 1.26374e+08,   0.17399,      400. 

 1.34249e+08,  0.198927,      400. 

 1.42124e+08,  0.223864,      400. 

 1.49999e+08,  0.248801,      400. 

 5.78571e+07,        0.,      500. 

 6.32205e+07, 0.0244736,      500. 

 6.86893e+07,  0.049428,      500. 

  7.4158e+07, 0.0743825,      500. 

 7.96268e+07,  0.099337,      500. 

 8.50955e+07,  0.124291,      500. 

 9.05643e+07,  0.149246,      500. 

  9.6033e+07,    0.1742,      500. 

 1.01502e+08,  0.199155,      500. 

 1.06971e+08,  0.224109,      500. 

 1.12439e+08,  0.249064,      500. 

 4.57143e+07,        0.,      600. 

 4.91583e+07, 0.0245701,      600. 

 5.26583e+07, 0.0495395,      600. 

 5.61583e+07, 0.0745089,      600. 

 5.96583e+07, 0.0994783,      600. 

 6.31583e+07,  0.124448,      600. 

 6.66583e+07,  0.149417,      600. 

 7.01583e+07,  0.174386,      600. 

 7.36583e+07,  0.199356,      600. 

 7.71583e+07,  0.224325,      600. 

 8.06583e+07,  0.249295,      600. 

     3.5e+07,        0.,      700. 

 3.69432e+07, 0.0246576,      700. 

  3.8912e+07, 0.0496394,      700. 

 4.08807e+07, 0.0746211,      700. 

 4.28495e+07, 0.0996029,      700. 

 4.48182e+07,  0.124585,      700. 

  4.6787e+07,  0.149566,      700. 

 4.87557e+07,  0.174548,      700. 

 5.07245e+07,   0.19953,      700. 

 5.26932e+07,  0.224512,      700. 

  5.4662e+07,  0.249493,      700. 
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 2.57143e+07,        0.,      800. 

 2.65804e+07, 0.0247362,      800. 

 2.74554e+07, 0.0497275,      800. 

 2.83304e+07, 0.0747188,      800. 

 2.92054e+07, 0.0997101,      800. 

 3.00804e+07,  0.124701,      800. 

 3.09554e+07,  0.149693,      800. 

 3.18304e+07,  0.174684,      800. 

 3.27054e+07,  0.199675,      800. 

 3.35804e+07,  0.224667,      800. 

 3.44554e+07,  0.249658,      800. 

 1.78571e+07,        0.,      900. 

 1.80742e+07, 0.0248055,      900. 

  1.8293e+07, 0.0498031,      900. 

 1.85117e+07, 0.0748008,      900. 

 1.87305e+07, 0.0997984,      900. 

 1.89492e+07,  0.124796,      900. 

  1.9168e+07,  0.149794,      900. 

 1.93867e+07,  0.174791,      900. 

 1.96055e+07,  0.199789,      900. 

 1.98242e+07,  0.224787,      900. 

  2.0043e+07,  0.249784,      900. 

 1.14286e+07,        0.,     1000. 

 1.14286e+07, 0.0248645,     1000. 

 1.14286e+07, 0.0498645,     1000. 

 1.14286e+07, 0.0748645,     1000. 

 1.14286e+07, 0.0998645,     1000. 

 1.14286e+07,  0.124865,     1000. 

 1.14286e+07,  0.149865,     1000. 

 1.14286e+07,  0.174865,     1000. 

 1.14286e+07,  0.199865,     1000. 

 1.14286e+07,  0.224865,     1000. 

 1.14286e+07,  0.249865,     1000. 

 6.42857e+06,        0.,     1100. 

 6.42857e+06, 0.0249144,     1100. 

 6.42857e+06, 0.0499144,     1100. 

 6.42857e+06, 0.0749144,     1100. 

 6.42857e+06, 0.0999144,     1100. 

 6.42857e+06,  0.124914,     1100. 

 6.42857e+06,  0.149914,     1100. 

 6.42857e+06,  0.174914,     1100. 

 6.42857e+06,  0.199914,     1100. 

 6.42857e+06,  0.224914,     1100. 

 6.42857e+06,  0.249914,     1100. 

 2.85714e+06,        0.,     1200. 

 2.85714e+06, 0.0249562,     1200. 

 2.85714e+06, 0.0499562,     1200. 

 2.85714e+06, 0.0749562,     1200. 

 2.85714e+06, 0.0999562,     1200. 

 2.85714e+06,  0.124956,     1200. 

 2.85714e+06,  0.149956,     1200. 

 2.85714e+06,  0.174956,     1200. 

 2.85714e+06,  0.199956,     1200. 
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 2.85714e+06,  0.224956,     1200. 

 2.85714e+06,  0.249956,     1200. 

     714286.,        0.,     1300. 

     714286., 0.0249869,     1300. 

     714286., 0.0499869,     1300. 

     714286., 0.0749869,     1300. 

     714286., 0.0999869,     1300. 

     714286.,  0.124987,     1300. 

     714286.,  0.149987,     1300. 

     714286.,  0.174987,     1300. 

     714286.,  0.199987,     1300. 

     714286.,  0.224987,     1300. 

     714286.,  0.249987,     1300. 

     500000.,        0.,     1333. 

     500000., 0.0249869,     1333. 

     500000., 0.0499869,     1333. 

     500000., 0.0749869,     1333. 

     500000., 0.0999869,     1333. 

     500000.,  0.124987,     1333. 

     500000.,  0.149987,     1333. 

     500000.,  0.174987,     1333. 

     500000.,  0.199987,     1333. 

     500000.,  0.224987,     1333. 

     500000.,  0.249987,     1333. 

     300000.,        0.,     1367. 

     300000., 0.0249869,     1367. 

     300000., 0.0499869,     1367. 

     300000., 0.0749869,     1367. 

     300000., 0.0999869,     1367. 

     300000.,  0.124987,     1367. 

     300000.,  0.149987,     1367. 

     300000.,  0.174987,     1367. 

     300000.,  0.199987,     1367. 

     300000.,  0.224987,     1367. 

     300000.,  0.249987,     1367. 

     100000.,        0.,     1400. 

     100000., 0.0249869,     1400. 

     100000., 0.0499869,     1400. 

     100000., 0.0749869,     1400. 

     100000., 0.0999869,     1400. 

     100000.,  0.124987,     1400. 

     100000.,  0.149987,     1400. 

     100000.,  0.174987,     1400. 

     100000.,  0.199987,     1400. 

     100000.,  0.224987,     1400. 

     100000.,  0.249987,     1400. 

     100000.,        0.,     1500. 

     100000., 0.0249869,     1500. 

     100000., 0.0499869,     1500. 

     100000., 0.0749869,     1500. 

     100000., 0.0999869,     1500. 

     100000.,  0.124987,     1500. 

     100000.,  0.149987,     1500. 
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     100000.,  0.174987,     1500. 

     100000.,  0.199987,     1500. 

     100000.,  0.224987,     1500. 

     100000.,  0.249987,     1500. 

     100000.,        0.,     1600. 

     100000., 0.0249869,     1600. 

     100000., 0.0499869,     1600. 

     100000., 0.0749869,     1600. 

     100000., 0.0999869,     1600. 

     100000.,  0.124987,     1600. 

     100000.,  0.149987,     1600. 

     100000.,  0.174987,     1600. 

     100000.,  0.199987,     1600. 

     100000.,  0.224987,     1600. 

     100000.,  0.249987,     1600. 

     100000.,        0.,     1700. 

     100000., 0.0249869,     1700. 

     100000., 0.0499869,     1700. 

     100000., 0.0749869,     1700. 

     100000., 0.0999869,     1700. 

     100000.,  0.124987,     1700. 

     100000.,  0.149987,     1700. 

     100000.,  0.174987,     1700. 

     100000.,  0.199987,     1700. 

     100000.,  0.224987,     1700. 

     100000.,  0.249987,     1700. 

     100000.,        0.,     1800. 

     100000., 0.0249869,     1800. 

     100000., 0.0499869,     1800. 

     100000., 0.0749869,     1800. 

     100000., 0.0999869,     1800. 

     100000.,  0.124987,     1800. 

     100000.,  0.149987,     1800. 

     100000.,  0.174987,     1800. 

     100000.,  0.199987,     1800. 

     100000.,  0.224987,     1800. 

     100000.,  0.249987,     1800. 

     100000.,        0.,     1900. 

     100000., 0.0249869,     1900. 

     100000., 0.0499869,     1900. 

     100000., 0.0749869,     1900. 

     100000., 0.0999869,     1900. 

     100000.,  0.124987,     1900. 

     100000.,  0.149987,     1900. 

     100000.,  0.174987,     1900. 

     100000.,  0.199987,     1900. 

     100000.,  0.224987,     1900. 

     100000.,  0.249987,     1900. 

     100000.,        0.,     2000. 

     100000., 0.0249869,     2000. 

     100000., 0.0499869,     2000. 

     100000., 0.0749869,     2000. 

     100000., 0.0999869,     2000. 
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     100000.,  0.124987,     2000. 

     100000.,  0.149987,     2000. 

     100000.,  0.174987,     2000. 

     100000.,  0.199987,     2000. 

     100000.,  0.224987,     2000. 

     100000.,  0.249987,     2000. 

     100000.,        0.,     2100. 

     100000., 0.0249869,     2100. 

     100000., 0.0499869,     2100. 

     100000., 0.0749869,     2100. 

     100000., 0.0999869,     2100. 

     100000.,  0.124987,     2100. 

     100000.,  0.149987,     2100. 

     100000.,  0.174987,     2100. 

     100000.,  0.199987,     2100. 

     100000.,  0.224987,     2100. 

     100000.,  0.249987,     2100. 

     100000.,        0.,     2200. 

     100000., 0.0249869,     2200. 

     100000., 0.0499869,     2200. 

     100000., 0.0749869,     2200. 

     100000., 0.0999869,     2200. 

     100000.,  0.124987,     2200. 

     100000.,  0.149987,     2200. 

     100000.,  0.174987,     2200. 

     100000.,  0.199987,     2200. 

     100000.,  0.224987,     2200. 

     100000.,  0.249987,     2200. 

     100000.,        0.,     2300. 

     100000., 0.0249869,     2300. 

     100000., 0.0499869,     2300. 

     100000., 0.0749869,     2300. 

     100000., 0.0999869,     2300. 

     100000.,  0.124987,     2300. 

     100000.,  0.149987,     2300. 

     100000.,  0.174987,     2300. 

     100000.,  0.199987,     2300. 

     100000.,  0.224987,     2300. 

     100000.,  0.249987,     2300. 

     100000.,        0.,     2400. 

     100000., 0.0249869,     2400. 

     100000., 0.0499869,     2400. 

     100000., 0.0749869,     2400. 

     100000., 0.0999869,     2400. 

     100000.,  0.124987,     2400. 

     100000.,  0.149987,     2400. 

     100000.,  0.174987,     2400. 

     100000.,  0.199987,     2400. 

     100000.,  0.224987,     2400. 

     100000.,  0.249987,     2400. 

     100000.,        0.,     2500. 

     100000., 0.0249869,     2500. 

     100000., 0.0499869,     2500. 
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     100000., 0.0749869,     2500. 

     100000., 0.0999869,     2500. 

     100000.,  0.124987,     2500. 

     100000.,  0.149987,     2500. 

     100000.,  0.174987,     2500. 

     100000.,  0.199987,     2500. 

     100000.,  0.224987,     2500. 

     100000.,  0.249987,     2500. 

*Specific Heat 

 413.32, 
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APPENDIX C.2: ABAQUS UEXPAN SUBROUTINE 

 

 

 

 

c 

c user subroutine uexpan 

c subroutine to calculate orthotropic thermal expansion 

c expansion in z direction is dictated by delta T - delta avg T 

 

      subroutine uexpan(expan,dexpandt,temp,time,dtime,predef,dpred, 

     $     statev,cmname,nstatv,noel) 

c 

      include 'aba_param.inc' 

c 

      character*80 cmname 

c 

      dimension expan(*),dexpandt(*),temp(2),time(2),predef(*), 

     $     dpred(*),statev(nstatv),avgtemps(2,600) 

c 

c set alpha values to a linear fit if <= 1223 K. constant value if > 

1223 K 

c 

 if (temp(1) .le. 1223) then 

  alpha = 3.31751d-9*temp(1)+1.60333d-5 

 else 

  alpha = 3.31751d-9*1223d0+1.60333d-5 

 end if 

c 

c time at previous time step 

c 

 prevtime = time(2)-dtime 

c 

c number of time steps and sizes for 3 different time step increments 

c 

 n1=441d0 

 n2=10d0 

 n3=149d0 

 t1=0.1d0 

 t2=1d0 

 t3=5d0 

c 

c read average temperatures from saved .csv file 

c 

 open(unit=1, 

file='/srv/home/elygr/ABAQUS/uexpan_ray/avgtemp.csv', status='old', 

readonly) 

 DO i=1,600 

    read(1,*) (avgtemps(j,i),j=1,2) 

 END DO 

 close(1) 

c 
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c solve for average temperatures at current time step by interpolating 

average temperature data 

c 

 if (time(2) .le. t1) then 

    currentavgtemp = avgtemps(2,1) 

    previousavgtemp = avgtemps(2,1) 

 else if (time(2) .gt. t1 .and. time(2) .le. n1*t1) then 

    low = avgtemps(2,int(floor(time(2)/t1))) 

    high = avgtemps(2,int(ceiling(time(2)/t1))) 

    ratio = (time(2)/t1)-floor(time(2)/t1) 

    currentavgtemp = low+ratio*(high-low) 

 else if (time(2) .gt. n1*t1 .and. time(2) .le. (n1*t1+n2*t2)) 

then 

    low = avgtemps(2,int(n1+floor((time(2)-n1*t1)/t2))) 

    high = avgtemps(2,int(n1+ceiling((time(2)-n1*t1)/t2))) 

    ratio = ((time(2)-n1*t1)/t2-floor((time(2)-n1*t1)/t2)) 

    currentavgtemp = low+ratio*(high-low) 

 else if (time(2) .gt. (n1*t1+n2*t2)) then 

    low = avgtemps(2,int(n1+n2+floor((time(2)-n1*t1-n2*t2)/t3))) 

    high = avgtemps(2,int(n1+n2+ceiling((time(2)-n1*t1-

n2*t2)/t3))) 

    ratio = ((time(2)-n1*t1-n2*t2)/t3-floor((time(2)-n1*t1-

n2*t2)/t3)) 

    currentavgtemp = low+ratio*(high-low) 

 end if 

c 

c solve for average temperatures at previous time step by interpolating 

average temperature data 

c 

 if (prevtime .le. t1 .and. time(2) .gt. t1) then 

    previousavgtemp = avgtemps(2,1) 

 else if (prevtime .gt. 0.1 .and. prevtime .le. n1*t1) then 

    low2 = avgtemps(2,int(floor(prevtime/t1))) 

    high2 = avgtemps(2,int(ceiling(prevtime/t1))) 

    ratio2 = (prevtime/t1)-floor(prevtime/t1) 

    previousavgtemp = low2+ratio2*(high2-low2) 

 else if (prevtime .gt. n1*t1 .and. prevtime .le. (n1*t1+n2*t2)) 

then 

    low2 = avgtemps(2,int(n1+floor((prevtime-n1*t1)/t2))) 

    high2 = avgtemps(2,int(n1+ceiling((prevtime-n1*t1)/t2))) 

    ratio2 = ((prevtime-n1*t1)/t2-floor((prevtime-n1*t1)/t2)) 

    previousavgtemp = low2+ratio2*(high2-low2) 

 else if (prevtime .gt. (n1*t1+n2*t2)) then 

    low2 = avgtemps(2,int(n1+n2+floor((prevtime-n1*t1-n2*t2)/t3))) 

    high2 = avgtemps(2,int(n1+n2+ceiling((prevtime-n1*t1-

n2*t2)/t3))) 

    ratio2 = ((prevtime-n1*t1-n2*t2)/t3-floor((prevtime-n1*t1-

n2*t2)/t3)) 

    previousavgtemp = low2+ratio2*(high2-low2) 

 end if 

c 

c calculate thermal expansion in 3 directions 

c 
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 expan(1) = alpha*temp(2) 

 expan(2) = alpha*temp(2) 

 expan(3) = alpha*(temp(2)+previousavgtemp-currentavgtemp) 

c 

      return 

      end 
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APPENDIX C.3: ANALYSIS PORTION OF INPUT FILES 

 

 

**  

** PREDEFINED FIELDS 

**  

** Name: Predefined Field-2   Type: Temperature 

*Initial Conditions, type=TEMPERATURE, 

file=/srv/home/elygr/ABAQUS/uexpan_ray/heattestFLUENT_11_2_09.odb, 

step=1, inc=0, interpolate 

** ---------------------------------------------------------------- 

**  

** STEP: Step-1 

**  

*Step, name=Step-1, inc=1000000 

Before Solidification 

*Static 

0.01, 11.7, 1.29e-07, 0.1 

**  

** BOUNDARY CONDITIONS 

**  

** Name: Fixed Point Type: Displacement/Rotation 

*Boundary 

_PickedSet9, 1, 1 

_PickedSet9, 2, 2 

_PickedSet9, 6, 6 

** Name: Rollers Type: Displacement/Rotation 

*Boundary 

_PickedSet6, 1, 1 

**  

** PREDEFINED FIELDS 

**  

** Name: Predefined Field-1   Type: Temperature 

*Temperature, 

file=/srv/home/elygr/ABAQUS/uexpan_ray/heattestFLUENT_11_2_09.odb, 

bstep=1, binc=1, estep=1, einc=117, interpolate 

**  

** OUTPUT REQUESTS 

**  

*Restart, write, frequency=0 

**  

** FIELD OUTPUT: F-Output-1 

**  

*Output, field 

*Node Output 

CF, NT, RF, U 

*Element Output, directions=YES 

E, PE, PEEQ, PEMAG, S 

*Contact Output 

CDISP, CSTRESS 

**  

** HISTORY OUTPUT: H-Output-1 
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**  

*Output, history, variable=PRESELECT 

*End Step 

** ---------------------------------------------------------------- 

**  

** STEP: Molten 

**  

*Step, name=Molten, inc=10000 

Molten Time 

*Static 

0.001, 0.7, 7e-06, 0.005 

**  

** PREDEFINED FIELDS 

**  

** Name: Predefined Field-4   Type: Temperature 

*Temperature, 

file=/srv/home/elygr/ABAQUS/uexpan_ray/heattestFLUENT_11_2_09.odb, 

bstep=1, binc=118, estep=1, einc=124, interpolate 

**  

** OUTPUT REQUESTS 

**  

*Restart, write, frequency=0 

**  

** FIELD OUTPUT: F-Output-1 

**  

*Output, field 

*Node Output 

CF, NT, RF, U 

*Element Output, directions=YES 

E, PE, PEEQ, PEMAG, S 

*Contact Output 

CDISP, CSTRESS 

**  

** HISTORY OUTPUT: H-Output-1 

**  

*Output, history, variable=PRESELECT 

*End Step 

** ---------------------------------------------------------------- 

**  

** STEP: Step-2 

**  

*Step, name=Step-2, inc=100000 

After Solidification 

*Static 

0.001, 786.7, 3.12e-07, 5. 

**  

** BOUNDARY CONDITIONS 

**  

** Name: Fixed Point Type: Displacement/Rotation 

*Boundary, op=NEW 

_PickedSet9, 1, 1 

_PickedSet9, 2, 2 

_PickedSet9, 6, 6 
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** Name: Mirror Symmetry Type: Displacement/Rotation 

*Boundary, op=NEW 

_PickedSet11, 1, 1 

_PickedSet11, 6, 6 

** Name: Rollers Type: Displacement/Rotation 

*Boundary, op=NEW 

**  

** PREDEFINED FIELDS 

**  

** Name: Predefined Field-3   Type: Temperature 

*Temperature, 

file=/srv/home/elygr/ABAQUS/uexpan_ray/heattestFLUENT_11_2_09.odb, 

bstep=1, binc=125, estep=1, einc=600, interpolate 

**  

** OUTPUT REQUESTS 

**  

*Restart, write, frequency=0 

**  

** FIELD OUTPUT: F-Output-1 

**  

*Output, field 

*Node Output 

CF, NT, RF, U 

*Element Output, directions=YES 

E, PE, PEEQ, PEMAG, S 

*Contact Output 

CDISP, CSTRESS 

**  

** HISTORY OUTPUT: H-Output-1 

**  

*Output, history, variable=PRESELECT 

*End Step  
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