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ABSTRACT 

 

 Wire-feed laser additive manufacturing (WLAM) is gaining wide interest due to its high level 

of automation, high deposition rates, and good quality of printed parts. The complexity of 

modeling the directed energy deposition (DED) process, high characterization and printing cost, 

and the destructive testing of the final build part for quality testing motivates the need for 

developing in situ quality assurance and control techniques. In-process monitoring and feedback 

controls that would reduce the uncertainty in the quality of the fabricated parts are in the early 

stages of development. Machine learning (ML) promises the ability to accelerate the adoption of 

in-process monitoring and control in additive manufacturing (AM) by modeling and predicting 

process-sensing-property connections between process setting inputs and material quality 

outcomes. However, the lack of sufficient sensing and characterization data for training ML 

models is a significant challenge in the field of AM industry due to associated high costs. This 

thesis explores the in situ quality assurance and control methods by studying the process-molten 

pool condition-property relation for the robotic laser wire-feed DED process. Analysis and 

characterization are performed on the experimentally collected in situ sensing data for the molten 

pool under a set of controlled process parameters for a WLAM system. The real-time molten pool 

dimensional information and temperature data are the indicators for achieving good quality of the 

build, which can be directly controlled by processing parameters.  Thus, the process-molten pool 

condition-property relations are of preliminary importance for developing a quality control and 

assurance framework.  The results highlight collaborative and quantitative multi-modality models 

for controlling and estimating the process and quality parameters using real-time sensing data. 
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CHAPTER 1 

INTRODUCTION 

 

1.1  Additive manufacturing: Pursuing the promise 

 Additive manufacturing (AM) is a topic of interest and research in the aerospace industry and 

academia due to the high yield of production, real-time performance monitoring and control 

capability, and intelligent predictive capability [1-3]. As the name suggests, AM is the process of 

building final parts by adding material in a layer-by-layer fashion. AM processes are classified 

into different categories based upon the build material, energy source, and process used for 

deposition. A variety of materials ranging from composites to polymer to metal alloys can be used 

for fabrication. AM is shown to be advantageous over the conventional manufacturing processes 

for building complex structures, less manufacturing time, reduced post-processing time, and cost 

[3-5]. It has also been used efficiently to repair damaged components [6] where the parts are 

complex and require a longer turnaround time for deliveries [7]. Materials that are difficult to 

machine using conventional subtractive manufacturing processes can be used for building complex 

parts such as Ti-6Al-4V. A high energy density source is required for manufacturing metal alloys 

with high melting points. Metal AM process can be classified into three broad categories, i.e., 

binder jetting, directed energy deposition, and powder bed fusion [8]. 

 This thesis focuses on the directed energy deposition (DED) process for Ti-6Al-4V alloy. 

Directed energy deposition is a popular AM process because of its high print quality, use of metal 

and metal alloys, repairing parts, and reducing environmental pollution [9, 10]. Directed energy 

deposition (DED) in which a focused energy source and material concentrated at a focal point, 

commonly in the presence of inert gas. Energy is guided to a narrowly focused area, mainly 

powered by a source such as a laser beam, electron beam, plasma arc, etc., to melt the deposited 

materials along with the substrate [8]. The material generally used is either in powder or wire form. 

The material is deposited in a layer-by-layer form until the part reaches a near-net shape. A wire-

feed laser AM (WLAM) process used in this study is illustrated in Figure 1.1.  A laser power 
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source is focused on the substrate to melt the heated wire from the feeder in the presence of argon 

enclosed environment. The feedstock used is for the deposition is Ti-6Al-4V alloy wire. 

 

Figure 1.1 Schematic diagram of wire-feed laser DED process. 

 

1.2 Limitations and motivation for in situ quality control 

 With the rapid growth in the AM industry, more metal alloys with complex geometries are 

being manufactured. In AM industry, the development goal is towards in situ quality control for 

no defect manufacturing. A lot of research has been conducted for in-process monitoring of sensing 

data to control and quantify the AM process [11, 12]. Few researchers have focused on developing 

a control framework for the AM process to control either the temperature or the geometry of the 

part [13, 14]. However, the current control architectures are designed to monitor and control the 

process without considering the resulting part's geometry or microstructural properties.  

Measurement of post-process characterization data, i.e., bead geometry and microstructure, is 

costly and time-consuming. It requires high-end complex machinery with precise and extensive 

manual labor to measure the deposited build quality properties. Hence, there is a significant need 

to integrate the build microstructure and geometry control into the control framework to improve 

the resulting build quality in real-time. The in situ quality monitoring and assurance framework 

will allow part qualification with reduced production cost and destructive testing. 
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 Wire-feed DED is a complex multi-dimensional process, and understanding the effect of 

process parameters and sensing data on the manufactured part is crucial for in-process quality 

monitoring and control. The high dimensionality of the model and associated costs represent the 

main barriers to the widespread adoption of WLAM as a mainstream manufacturing method. 

Reducing the time and cost for new processes and in situ quality control are becoming an urgent 

need and will require increasing reliance on experimental data and data-driven machine learning 

methods. Machine learning (ML) techniques such as deep neural networks and multi-layer 

perceptron are widely adopted in the AM field for mapping correlation between the high-

dimensional process-molten pool condition-property spaces. 

 The major issues that are unaddressed towards the development of in situ comprehensive and 

quantitative quality assurance of the AM process are: 

(a) For the purpose of in situ quality control, the desired molten pool conditions should be achieved 

by adjusting the process parameters in real-time. The majority of AM control is limited to control 

of a single process parameter that provides minimal generalizability as the controller may only 

work by keeping the other process parameters fixed at the specific values. Also, the process 

parameter estimation is developed using one modality of sensing data restricting the additional 

informative features of the molten pool that are needed to improve the accuracy. The limitation of 

single process parameter and single sensing data motivates the need to develop a comprehensive 

multi-modality molten pool condition-process correlation model. 

(b) Measurement of post-process characterization data for the additive manufactured part is costly 

and time-consuming. Hence, in-process characterization of the final build part is an urgent need 

and requires the usage of data-driven modeling techniques and real-time sensing data. Most of the 

bead property prediction using sensing data is mainly focused on a few bead geometry parameters, 

such as bead width, height, and penetration depth. The data-driven characterization modeling for 

microstructure involves classification problems to detect porosity, defects, and failure vs. normal 

build. Utilizing the in situ and ex situ characterization knowledge gained from experiments will 

help estimate and control the printed part qualities. Quantitatively estimating the characterization 

properties directly from real-time multi-modal sensing data has rarely been done as it requires a 

good quality dataset to develop an in situ quality framework. 
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(c) The overall quality of the manufactured part is determined by the bead geometric and 

microstructural properties. Identifying the desired molten pool conditions to outcome parts with 

good quality is traditionally done using the trial-and-error method and insight from domain 

expertise. A few researchers have optimized the process parameters to achieve the desired quality 

but not the molten pool condition due to the unavailability of end-to-end molten pool condition-

quality data, expensive data collection methodology, and complex interaction between the process-

molten pool condition-property spaces. Hence, it is vital for in situ quality assurance framework 

to find the desired molten pool conditions by optimizing the quality of the build. Optimization 

(reverse engineering) is performed using the built quality estimation model to find the optimal 

molten pool conditions for achieving the desired deposition quality.  

1.3 Dissertation contributions 

 Figure 1.2 shows the overall architecture for the AM process that generates the sensing data 

and build characteristics for the analogous control parameter setting. For the set control 

parameters, the corresponding sensor data is generated for the printed part. The build is evaluated 

for quality properties such as bead geometry and microstructural properties. The framework 

represents two models, i.e., the molten pool condition-process (M-P) and molten pool condition-

quality (M-Q) models. The models take in the sensor data as input and output the corresponding 

control parameters and build characteristics for the AM process.  

 The objective is to build a comprehensive quality assurance framework for the laser wire-feed 

DED process. Figure 1.3 represents the overall framework for in situ quality assurance based upon 

the developed M-P and M-Q models discussed in Chapters 3-6. The multi-modality M-Q model is 

trained to establish the correlation of the molten pool condition data to the desired bead quality 

properties, i.e., bead geometry and bead microstructure (Chapter 4 and 5). It predicts the quality 

properties of the build, such as bead height, fusion zone depth, alpha lath thickness, etc., using 

real-time measurable sensing data. To enable quality control of multiple properties of printed bead, 

the multi-properties are optimized to provide the optimal sensor data window as required, such as 

molten pool dimensional information and temperature. The optimization using the M-Q regression 

model works offline to provide the optimal values of measurable sensor data for achieving the 

desired bead quality (Chapter 6). The molten pool condition can be directly controlled by the 
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process parameters. The optimal molten pool sensor data based on the M-Q model will be fed into 

the trained M-P model to predict the corresponding process parameters required for machine 

setting by utilizing the multi-modal sensing data (Chapter 3). The data-driven M-P model serves 

as a feedforward controller, which is an open-loop evaluation of the inputs without any corrections 

arising from the observations during the process. It eliminates disturbances by taking predictive 

action to measured disturbances with known system dynamics and prior experiments before the 

process is affected. The machine setting for process parameters often deviates from the default set 

value or has fluctuations. To deal with unmeasured disturbances caused by system operation, a 

proportional integral derivative (PID) feedback controller is employed. For in situ control purposes 

of bead quality, the process parameter predictions from the M-P model can be used in conjunction 

with the feedback controller for computing the ultimate process parameters to be used by the 

printer. The designed architecture can serve as an in situ quality assurance control framework for 

the laser DED system. 

 

Figure 1.2 Overall architecture for the AM process from sensor data to quality properties for the 

corresponding process parameters. 
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Figure 1.3 Proposed in situ quality assurance architecture for a wire-feed laser DED process 

based on machine learning using the M-P and M-Q model. 

 

 The main contributions of this dissertation are as follows: 

(a) A sensing system is developed for the wire-feed laser DED system, and data is acquired and 

analyzed using the National instrument data acquisition system (DAQ), as discussed in Chapter 2. 

Experimental data is collected and analyzed for single bead deposition for controlled process 

parameter combinations.  

(b) The molten pool dimensional information and temperature data can directly be controlled by 

adjusting the process parameters. Chapter 3 present a multi-input multi-output (MIMO) 

convolutional neural network architecture to extract feature information from the molten pool 

image data and add an external temperature feature from the build data to improve the performance 

prediction of the process parameter. The multi-modality CNN-based molten pool condition-

process relations (M-P model) comprehensively predicts the process parameters to be used as input 

to the printer. The effect of process parameters on the molten pool features is analyzed, and the 

performance of the developed CNN architecture is evaluated by measuring the prediction 

accuracy. 

(c) The build part quality can be correlated to the molten pool condition allowing the development 

of an in-process quality monitoring framework. Chapters 4 and 5 focus on the design of regression 

and multi-modality convolutional neural network (CNN) model that predicts the quality properties 
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of the build using the measurable molten pool and temperature data. The input to the molten pool 

condition-property (M-Q) model is the molten pool information and thermal data. The output is 

the build characterization data, i.e., fusion zone depth, bead height, alpha lath thickness, etc. The 

quality properties will be predicted using measurable real-time sensing data. Two separate models, 

i.e., the sensing-microstructure (S-M) model (Chapter 4) and the sensing-geometry (S-G) model 

(Chapter 5), are developed for the geometric and microstructural quality properties estimation. The 

insights and impacts of molten pool image data and temperatures on quality properties are 

discussed in detail. 

(d) To achieve quality control of desired geometry and microstructural properties of the part, the 

desirable molten pool image dimensions and temperature can be optimized for multi-properties 

part quality control using the M-Q model (Chapter 4 and 5). The optimization is the reverse process 

of M-Q modeling to optimize the build quality with desired quality properties as input, while the 

M-Q model predicts the quality properties as output. Chapter 6 focuses on the development of a 

multi-objective genetic algorithm to find the optimized molten pool condition data using the M-Q 

regression model to achieve the targeted build quality manufactured part.   
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CHAPTER 2 

DEVELOPMENT OF A SENSING SYSTEM FOR ROBOTIC LASER WIRE-FEED AM 

SYSTEM USING LABVIEW 

Chapter 2 focuses on developing a monitoring system for a robotics Wire-feed laser additive 

manufacturing (WLAM) additive manufacturing (AM) system. A sensing system is established 

for a WLAM to collect real-time sensing data for modeling and control framework.  

2.1  Sensor package and specifications 

 The sensors are selected to capture as much data as possible from the process during operation. 

There are five categories of data that will be collected: (1) visual, (2) thermal, (3) positional, (4) 

chemical, and (5) acoustic. Analysis of the sensor signal relative to the process during stable and 

unstable operation will determine how each sensor is used in the control logic. Table 2.1 below 

shows the list of sensors being used to monitor and control the AM process.  

 

Table 2.1 Sensors acquired for developing a monitoring system for the WLAM system. 

No. Sensor Model No. Properties Purpose 

1 

Camera 1 

(In-line view 

from trailing 

side) 

Allied Vision 

Prosilica GT1930 

2.35 megapixel 

50.8 fps 

12 bit RGB color 

Molten pool 

condition, and 

wire position 

2 

Camera 2 

(Oblique view at 

90°) 

Allied Vision 

Prosilica GT1930 

2.35 megapixel 

50.8 fps 

12 bit RGB color 

Mainly wire 

position 

3 
Pyrometer 

(Leading edge) 
Optris CTlaser 3M 

50-400°C 

2.3 µm 

7.5mm spot at 450 mm WD 

Temperature 

before the printing 
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Table 2.1 Continued 

4 
Pyrometer 

(Trailing edge) 
Optris CT XL 3M 

200-1500°C 

2.3 µm 

1.5mm spot at 450 mm WD 

Temperature after  

the printing 

5 
Pyrometer 

(Molten pool) 

Optris CTlaser 

05M 

1000-2000°C 

525 nm 

7.3 mm spot at 1100 mm WD 

Temperature of the 

molten pool 

6 

Laser 

displacement 

sensor 

Micro Epsilon 

ILD1750-500 

670 nm wavelength 

Programmable sampling rate 

up to 7.5kHz 

Range: 200 to 500 mm 

Geometry/height 

measurement 

7 Acoustic sensor 
Brüel & Kjaer 

TYPE 4966-H-041 

6.3 Hz-20 kHz 

16.5 to 134 dB dynamic range 

Temperature range: -20 – 

125 °C 

Defect 

identification and 

analysis 

8 Spectrometer Thorlabs CCD 200 

Wavelength range: 200 to 

1000 nm 

Spectral accuracy: < 2 nm 

@633 nm 

S/N: <2000:1 

Defect 

identification and 

analysis 

  

 Figure 2.1 shows the laser WLAM DED robot setup, along with the mounted sensors installed 

at Oak Ridge National Laboratory in Knoxville, Tennessee. A 6kW laser is delivered to the end 

effector of the robot arm in the presence of argon filled environment. The feedstock is 1.5875 mm 

Ti-6Al-4V welding wire per AMS 4954K specification. Two Prosilica GT cameras are attached to 

the robot head for viewing the molten pool. Three pyrometers are used to measure the molten pool, 

leading edge of the molten pool, and trailing edge of the molten pool temperature. The acoustic 

sensor is mounted inside the chamber to measure variations while the printing is happening. 
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Figure 2.1 Integrated laser hot wire-feed DED system with sensors. 

 

2.2  AM system setup and workflow  

 The sensors listed in Table 2.1 are used for building a monitoring system for the AM process. 

An integrated data monitoring system was built using National Instruments (NI) data acquisition 

system (DAQ). A top-level description showing the flow of signals between the various sections 

of the AM process is provided in Figure 2.2. Inputs are acquired from the individual sensors into 

the data acquisition system, where dedicated input/output (I/O) boards capture the specific data 

streams (e.g., GigE image data, millivolt/milliamp analog data) from each individual sensor. The 

I/O modules are installed in a common chassis providing time synchronization between sensor 

data and noise rejection capability for real-time control and monitoring system development. The 

real-time data streams flow into the NI LabView monitoring or control program, where errors will 

be measured, and actions are commanded based on the established setpoint and control logic 

criteria. The NI PXI-6528 DAQ module will output the process parameter signal to the AM 

system/robot controller via an application programming interface (API) when process adjustments 

are necessary. The process parameters for the current WLAM system include laser power, travel 
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speed, wire feed rate, and hot wire power. The detailed block diagram showing the sensor and the 

DAQ connection and the corresponding wiring diagram is presented in Appendix A. 

 

Figure 2.2 Overview of the AM process control and feedback system. 

 

 Two Prosilica GT1930C cameras were mounted to the robot head, one directly coaxial with 

the process and the other at a 90˚ oblique angle to the primary direction of travel. The camera is 

connected using an Ethernet interface, recording 1936 × 1216 pixels images at 25 frames per 

second (fps) using the NI PXIe-8234 vision module. The saved video can be analyzed later for 

further analysis. The videos are processed in real-time to obtain molten pool measurements. The 

acoustic sensor 4966-H-041 data and temperature data from all three pyrometers are collected at 

100 Hz and 1kHz using NI PXIe-4302 and NI PXIe-6341 analog input module. NI PXI-6528 is a 
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digital I/O module used to send process parameter signals to the robot controller when operated in 

the control mode. Spectrometer CCS200 and laser displacement sensor ILD1750-500 are directly 

connected to the controller NI PXIe-8880 using a USB interface. A variable power supply in the 

range 24-48V is used for powering the pyrometers, acoustic sensor, and laser displacement sensor.  

NI HDD-8266 24TB hard drive is used for data storage. The NI PXIe-1095 chassis is used to 

assemble all the modules and provide time synchronization and real-time capability. A detailed list 

with more information about each module is specified in Appendix A. 
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CHAPTER 3 

COMPREHENSIVE MOLTEN POOL CONDITION-PROCESS RELATIONS MODELING 

USING CNN FOR WIRE-FEED LASER ADDITIVE MANUFACTURING 

Reproduced from a paper draft, to be submitted, Noopur Jamnikar*1, Sen Liu1, Craig Brice1, 

Xiaoli Zhang1 

3.1 Abstract 

 For wire-feed laser additive manufacturing (WLAM), the molten pool dimensional and thermal 

profiles are the indicators for achieving the high quality of the build, and they are comprehensive 

resultant effects of multiple process parameters. For the purpose of in situ quality control, the 

desired molten pool conditions should be achieved by adjusting the process parameters 

comprehensively. This paper experimentally analyzes in situ molten pool image modality and 

molten pool temperature modality under a set of controlled process parameters in a WLAM 

system. The variations in the steady-state and transient state of the molten pool are presented with 

respect to the change of multiple process parameters, including laser power, travel speed, wire feed 

rate, and hot wire power. A multi-modality convolutional neural network (CNN) architecture is 

developed for predicting the required process parameter to achieve a given desired molten pool 

condition. The results highlighted that the multi-modality CNN, which receives thermal profile as 

an external modality on top of the features from the molten pool image modality, has improved 

prediction performance compared to the image-based uni-modality CNN approach. 

Keywords – Wire-feed laser additive manufacturing (WLAM), convolutional neural network 

(CNN), molten pool, process parameter, quality control. 
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3.2 Introduction and motivation 

 Wire-feed laser additive manufacturing (WLAM) is in the family of directed energy 

deposition (DED) additive manufacturing (AM) processes, where a focused energy source and 

feedstock material are concentrated at a focal point, commonly in the presence of inert gas. In the 

DED AM process, energy is guided to a narrowly focused area, mainly powered by a source such 

as a laser beam, electron beam, and plasma arc to melt the deposited materials along with the 

substrate [1-3]. The material generally used is either in powder or wire form. The material is 

deposited in a layer-by-layer form until the part reaches a near-net shape. This paper focuses on 

the laser power source concentrated on the substrate to melt the heated wire from the wire feeder 

in the presence of argon gas. There are many controllable parameters involved in the process, 

including laser power, travel speed, wire feed rate, and their effect on the molten pool 

characteristics, droplet kinematics, and thermal history is significant for determining surface 

roughness, texture, and part geometry [4, 5]. Without process control, non-uniform build 

morphology will form, such as increased bead width, uneven bead height, increased molten pool 

depth and dilution, and thermal distortion due to the build-up of residual stress [4, 6]. To solve 

these issues, advanced technologies for sensing, modeling, and control are needed to improve the 

accuracy and process stability of WLAM.  

The existing studies for monitoring and control of AM systems focus on molten pool geometry, 

thermal profile, and deposition control. Different measuring systems, including a photodiode, 

pyrometer, and camera, were used to detect the temperature radiation. Sensing and controlling 

molten pool size over a range of process parameters is critical for maintaining consistent bead 

shape and ensuring geometrical accuracy of the produced part [7, 8]. Charged coupled device 

(CCD) cameras have been extensively used to obtain molten pool dimensional information [9-11]. 

Process maps have been developed for steady-state molten pool size prediction at a step-change in 

laser power or laser velocity with numerical models [12, 13]. The process map for controlling 

solidification microstructure is achieved through direct molten pool dimension control, with 

significant implications for AM processes [14, 15]. The key sensors used to monitor and control 

the molten pool thermal profiles are pyrometers and thermocouples, providing a wide temperature 

range and non-contact measurement capability [16-18]. For example, Hua et al. [19] used a two-

color infrared thermometer to investigate the influence of laser power on the molten pool 
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temperature during the laser AM process. The infrared pyrometers coupled with digital cameras 

are the primary and desirable option for monitoring and controlling the molten pool during AM. 

Fathi et al. [20] controlled the clad height of the laser solid freeform fabrication process using a 

single control parameter, i.e., scan speed. Hu et al. [21] maintained the melt pool area obtained 

from a high-speed shutter camera using laser power. Salehi et al. [22] controlled the temperature 

measured by pyrometer using laser power of laser blown powder cladding process. Song et al. [23] 

developed a two-input single-output hybrid control system to control height growth and molten 

pool temperature using laser power. Hofman et al. [24] controlled the molten pool width using 

laser power through the camera’s feedback data for a laser cladding system. Suh et al. [25] 

developed a model to control the deposit height using an in-process monitoring camera that 

commanded change in laser power.   

 Most of the aforementioned work done for AM process is limited to control of a single process 

parameter with all the other process parameters fixed with specific values. Modeling and control 

using a single process parameter is relatively simple and low-cost to implement but provides 

minimal generalizability as the model and/or controller may only work by keeping the other 

process parameters fixed at the specific values. Changes in those process parameters may cause 

the change of the inter-dependent correlation between the process and the molten pool condition, 

thus has limited capabilities for comprehensive quality control [22, 25-28]. The limitations of 

single process parameter control motivate the need to include all the major process parameters in 

the comprehensive architecture to achieve a broader range of operation capability and robust 

control. 

 Machine learning (ML) promises to accelerate the adoption of new processes and property 

design in AM by making molten pool condition-process connections. With the recent 

advancements in deep learning, convolutional neural networks (CNN) have emerged as a robust 

method in the field of computer vision, such as pattern recognition, classification, and detection 

algorithms to deal with image data. CNN converts the features from the input image into an 

abstract representation for regression and classification tasks. CNN and their variations have 

recently been used in the AM industry for classification [29-31] and regression [32-37] problems. 

For example, Gonzalez et al. [33] presented a novel convolutional laser-based manufacturing 

(ConvLBM) method to extract features from images for a laser-based manufacturing process in 
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real-time to predict laser power and laser scan speed. Kwon et al. [35] employed a CNN for 

predicting the laser power of the powder bed fusion process using molten pool images. Knaak et 

al. [36] presented a CNN model to segment the molten pool images and detect the deviation in the 

current process parameter, i.e., laser power and welding speed, using supervised machine learning 

algorithms.  

 Although these CNN-based methods allow multiple process parameter estimation, they 

normally use only one type of sensing data as the model's input (called uni-modality CNN in this 

paper). Monitoring the top surface molten geometry does not provide sufficient information for 

the molten pool depth and thermal profiles [4, 38]. The deposited bead geometry is directly 

correlated to molten pool dimensions, while the as-deposited microstructure is correlated with the 

molten pool thermal profiles such as leading and trailing edge temperature and remelt ratio (the 

relative amount of previously deposited material that is remelted during subsequent layers). The 

uni-modality CNN model may not fully capture the informative features of the molten pool that 

are needed to improve the accuracy of the CNN model when estimating multiple output process 

parameters. 

 For comprehensive and accurate molten pool condition-process correlation modeling, we 

proposed a multi-modality multi-output CNN approach to model the relation between in situ 

sensing data and controllable process parameters (Blue color module: M-P model from Chapter 1, 

Figure 1.3). This end-to-end prediction model eliminates the need for offline feature extraction 

and selection processes, which directly take desired molten pool image and temperate as inputs to 

predict the corresponding process parameters. The results are highlighted as follows: 1) 

Experimental data is collected from a single layer deposition printed under a set of controlled 

process parameter combinations. Molten pool image and temperature information are measured 

using a CMOS camera and three pyrometer sensors. 2) The effects of process parameters on molten 

pool features and their correlations are calculated. The molten pool condition-process relation is 

formulated as a data-driven multi-modality CNN model. 3) Sensitivity analysis is performed to 

study the effect of change in the independent process parameters on the sensing data for monitoring 

and control decisions. 4) It is proven that the additional temperature modality as input along with 

the image features improves the prediction performance of the molten pool condition-process 

relations model. 
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3.3 Materials and methods 

3.3.1 WLAM experimental setup 

 The WLAM DED system has been developed and installed at Oak Ridge National Laboratory 

in Knoxville, Tennessee. A 6kW laser is delivered to the end effector of the robot arm in the 

presence of argon filled environment. The feedstock is 1.5875 mm Ti-6Al-4V welding wire per 

AMS 4954K specification. The laser WLAM DED robot setup, along with the mounted sensors, 

is shown in Figure 3.1. The sensors were selected to capture as much data as possible from the 

process during operation. There were five categories of data that were collected: (1) visual, (2) 

thermal, (3) positional, (4) chemical, and (5) acoustic. Two Prosilica GT1930C cameras were 

mounted to the robot head, one directly coaxial with the process and the other at a 90˚ oblique 

angle to the primary direction of travel. The CMOS camera is connected using an Ethernet 

interface, recording 1936 × 1216 pixels images at 25 frames per second (fps) using the NI PXIe-

8234 vision module. The main issue in the laser-based AM process is that the image contrast for 

the molten pool is too bright to capture the surface morphology directly. Hence, bandpass filters 

are mounted in front of the camera to reduce the intensity. There are three pyrometers with a 

temperature range of 50-400˚C, 200-1500˚C, and 1000-2000˚C to measure the leading (Optris 

CTlaser 3M), trailing (Optris CT XL 3M), and molten pool (Optris CTlaser 05M) temperatures, 

respectively. The pyrometers are calibrated for emissivity using a heated plate and physical contact 

measurements with thermocouples. Note that the molten pool (MP) pyrometer could not be easily 

calibrated using a similar method, so the presented data are considered relative and not absolute. 

The leading edge (LE) and trailing edge (TE) pyrometers are pointed approximately 25 mm in 

front of and behind the molten pool. Temperature data is collected at 100 Hz using NI PXIe-4302 

analog input module. An acoustic sensor is mounted on the laser head operating a frequency of 1 

kHz to capture variations during the build. Analysis of the sensor signals relative to the process 

during stable and unstable operations will determine how each sensor can be used in the control 

logic. The National Instrument (NI) industrial controller NI PXIe-8880 along with the vision 

development module and analog/digital I/O module, is used for monitoring and controlling the 

laser DED system through LabVIEW. This paper focuses on studying the in situ sensing data from 

the coaxial camera and three pyrometers. 
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Figure 3.1 Integrated laser hot wire-feed DED system. 

 

3.3.2 Data preparation 

 In this study, thirteen 100 mm single bead deposition experiments were conducted for different 

settings of process parameters;  laser power, travel speed, wire feed rate, and hot wire power. Table 

3.1 shows the combination of process parameters used for data collection for the WLAM system.  

The process parameters vary in the range of 4000-6000 W, 3.5-10 mm/s, and 40-71.3 mm/s for 

laser power (LP), travel speed (TS), and wire feed rate (WFR), respectively.  The single bead 

deposition data consists of both the steady and transient states of the molten pool. The molten pool 

is a region of superheated molten metal in proximity to the laser/material interface-typically in the 

form of a hemispherically shaped droplet and moves at the robot travel speed. Since the molten 

pool dynamics determine the outcome microstructure and properties, its morphology, temperature, 

and wetting behavior are of paramount interest in quality control. In this work, real-time tracking 

and measurement are achieved using a molten pool sensing system consisting of three infrared 

pyrometers and one CMOS camera. The pixel range for the image data from the coaxial camera is 

enormous, and it covers a vast portion of the unwanted region. The molten pool image is 
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preprocessed with a selected region of interest (ROI) and cropped to reduce the image size without 

missing any information and keeping the data within the hardware processing capability. Hence, 

the coaxial camera images are cropped to 481× 566 to be processed and trained in MATLAB. The 

dataset consists of 6500 images from 13 builds, containing 500 stable molten pool images from a 

coaxial camera and temperature data from each build. From the 13 build dataset, 12 builds are used 

for training the network, while the remaining one unseen build is used in the testing phase.  

 

Table 3.1 Process parameter setting for the collected image and temperature data. 

Experiment # 

Process parameters 

Laser power  

(W) 

Travel speed  

(mm/s) 

Wire feed rate 

(mm/s) 

Hot wire power  

(W) 

1 6000 6.6 60 300 

2 6000 5 60.1 300 

3 6000 3.5 71.3 400 

4 6000 3.5 50.1 200 

5 4500 5 48.4 300 

6 4500 5 50.8 300 

7 4500 10 50.8 300 

8 4500 5 43 300 

9 4500 5 40 300 

10 5000 5 40 300 

11 4000 5 40 300 

12 4500 6.5 40 300 

13 4500 3.5 40 300 

 

3.3.3 Thermal modality correlation analysis 

 By increasing the number of features, feature engineering increases the problem’s 

dimensionality, leading to the “curse of dimensionality” [39, 40]. Hence, before final training, 

tuning, and verification of the machine learning models, it is desirable to analyze redundant or 
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insignificant experimental thermal data for reducing network complexity. The real-world 

environmental data could be noisy, corrupted, or have disturbances caused by the process or 

environment. Feature selection is an essential technique for improving the network’s performance 

by finding the most meaningful thermal feature for mapping any real pattern responsible for the 

output process parameter prediction. Hence, it is essential to analyze the correlation of the thermal 

data to the process parameters before training the CNN model. Features correlation and 

redundancy were evaluated using Pearson correlation [41]. The Scikit-learn python 

implementation of these algorithms was used [42]. Correspondingly, Pearson correlation between 

feature pairs 𝑟𝑥𝑖𝑗 or feature and property 𝑟𝑥𝑦 uses the standard definition, 

    𝑟𝑥𝑦 = ∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)𝑛𝑖=1√∑ (𝑥𝑖−�̅�)2 𝑛𝑖=1 √∑ (𝑦𝑖−�̅�)2𝑛𝑖=1  (3.1) 

Where, n is the sample size, 𝑥𝑖 and 𝑦𝑖 are the individual sample points, and  �̅� and  �̅� are the sample 

means. 

3.3.4 Molten pool condition-process modeling 

 Figure 3.2 shows the molten pool condition-process (M-P) CNN model with the molten pool 

sensing data from the CMOS camera and pyrometer as inputs and the process parameters, 

including laser power, travel speed, and wire federate as outputs. The sensing image data collected 

during the builds are synchronized with corresponding molten pool temperature data points, as 

shown in the input block (Figure 3.2). Both the sensing data are paired with the corresponding 

process parameters. Only the steady-state molten pool sensing data from the 13 build samples are 

used to train and test the network.  CNN architecture automatically performs feature extraction 

without human intervention via convolution and pooling layers to obtain meaningful features from 

the molten pool images. The fully connected layer takes input extracted features in conjunction 

with the molten pool temperature for final process parameter estimation. The network is trained in 

a supervised manner using the paired molten pool-process data. The trained network can then be 

used to predict the process parameters given a desired molten pool condition. The designed M-P 

model can function as a feedforward controller providing predictive actions in a control 

architecture.  
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Figure 3.2 Molten pool condition-process modeling using CNN for control parameter prediction 

using molten pool images and temperature data. 

 

 CNN is widely used in image processing because of its ability to learn spatial local relations 

by exploiting the features in a hierarchical nature [43-46]. CNN takes advantage of the multi-

dimensional image input, shares weights along with the layers, and knows the intricate features 

concerning each other from high-dimensional image data to output classes or values. CNN consists 

of different layers such as a convolutional layer, activation function, pooling layer, fully connected 

layer, batch normalization, dropout, etc., for classification and regression tasks. The input image 

is first processed by a set of kernels, also known as filters. The convolutional layer is applied to 

extract features by convolving the features from the previous layer and shifting the filter as 

specified by the stride. The filters are learnable weights that are continuously updated during 

learning, while the size of the filter is user-defined. The feature map F is represented in Eq. (3.2) 

as, 

    𝐹(𝑖, 𝑗, 𝑘) = ∑ ∑ ∑ 𝐸𝐿−1𝑙=0𝑁−1𝑛=0𝑀−1𝑚=0 (𝑖 + 𝑚, 𝑗 + 𝑛, 𝑙)𝐾𝑘(𝑚. 𝑛, 𝑙) + 𝑏𝑘 (3.2) 

Where, 𝐸 is the extracted features from the previous layer, 𝐾𝑘 is the applied filter, 𝑏𝑘 is the bias, 

(M, N, L) is the size of the filter, and L is the 3rd dimension of the previous feature map layer. 

 The feature map represents the input, i.e., the molten pool image response to the feature defined 

by the input filter. With the addition of more convolutional layers, the features become more 
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abstract and directed towards the output prediction/classification problem. After the convolution 

layer, a non-linearity activation function is applied to the network to introduce non-linearity. The 

standard activation functions that are applied are ReLU, Tanh, Sigmoid, LeakyReLU, etc. In this 

work, the hyperbolic tangent (tanh) activation function is used. A batch normalization layer is 

applied to address the issue of covariant shift and non-uniform scaling ranges in the internal layers. 

The regularization layer reduces overfitting and network malfunction due to improper learning 

rates and speeds up the training process [47]. Pooling layers are added to downsample the data 

dimension and introduce local invariance, making the feature map less sensitive to locations. 

Standard pooling functions are global pooling, average pooling, max pooling, etc. The pooling 

layer decreases the computational volume of data and increases the robustness of the algorithm. 

The last pooling layer’s output is an input feature vector to a fully connected layer to predict the 

final process parameters. The output of the fully connected layer is given by Eq. (3.3) as, 

    𝑋𝑖+1 = 𝑊𝑖. 𝑋𝑖 + 𝑏𝑖 (3.3) 

Where, 𝑋𝑖 is the ith fully connected layer, 𝑊𝑖 is the weight matrix, and 𝑏𝑖 is the bias vector. 

 The different layers are connected in a user-defined manner to form a network that is trained 

using backward propagation that uses a gradient descent technique. The learning parameters are 

adjusted during the training to achieve accurate prediction of process parameters and minimize the 

training loss function, i.e., mean square error in our case as given in Eq. (3.4), 

    𝐿𝑜𝑠𝑠𝑀𝑆𝐸 = ∑ 𝑙(𝑦𝑛, �̂�𝑛)/𝑁𝑁1  (3.4) 

Where, 𝑙 is the loss function, 𝑦𝑛 is the target value, �̂�𝑛 is the predicted value, and N is the size of 

the training data. 

3.3.5 Model Evaluation 

 In order to predict the process parameters accurately, the network structure, input, and output 

need to be evaluated along with the structure generalization capability. The generalization is 

gauged by performing 6-fold cross-validation where the network is trained on 6000 molten pool 

images and thermal data and tested on the 500 unseen samples. To evaluate the accuracy 

improvement of the multi-modality inputs, we used the uni-modality CNN as the baseline that uses 

only the molten image as the model input. Note that we optimized the CNN structures, 
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respectively, for our multi-modality CNN and the baseline uni-modality CNN to compare their 

best performance. When constructing a CNN, more input layers result in a higher quality of the 

extracted features. However, this is not always the case because of dissipating or shooting gradient 

or degenerative models when using deeper networks. When training a CNN, the gradient 

calculated using backpropagation is responsible for updating the network’s weights. Poorly 

designed network structure causes the gradient to shoot or vanish, resulting in a slower model 

learning process and lower accuracy.  Hence, the CNN architecture and the layer parameters are 

optimized to suit the specific application for designed input and output.  

 The evaluation criteria used for performance comparison are the root mean square error 

(RMSE), standard deviation (SD) for RMSE, and relative percentage error (RE) between the actual 

and predicted parameters, given in Eqs. (3.5, 3.6) respectively. 𝑦𝑖 is the measured, and 𝑦𝑖′
 is the 

model predicted process parameter. Normalized RMSE (NRME) is another error evaluation metric 

utilized for different scales of process parameters, as given in Eq. (3.7). The RMSE is normalized 

to 2000 W laser power, 6.6 mm/s travel speed, and 31.3 mm/s wire feed rate. 

    𝑅𝑀𝑆𝐸 = √1𝑛 ∑ (𝑦𝑖′ − 𝑦𝑖)2𝑛𝑖=1  (3.5) 

 

    𝑅𝐸 = 1𝑛 ∑ |𝑦𝑖′−𝑦𝑖𝑦𝑖 |𝑛𝑖=1 × 100% (3.6) 

 

    𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸(𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛) × 100% (3.7) 

3.4 Results  

3.4.1 Molten pool condition-process relations description 

 The influence of laser power, travel speed, and wire feed rate on the molten pool characteristics 

are investigated in this section. Figures (3.3-3.5) analyze the effect of change in process parameters 

on the molten pool dynamics. The molten pool images are referenced with corresponding 

temperature profile data from the pyrometers for molten pool condition-process relations 

modeling.  
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3.4.1.1 Effect of change in laser power 

Figure 3.3 presents the effects of laser power on the molten pool’s characteristics at a fixed 

robot travel speed of 5 mm/s and wire feed rate of 40 mm/s. Figure 3.3(a-c) shows the typical 

molten pool size variations, and Figure 3.3(d) shows the molten pool temperature at a steady 

printing state for 0-200 seconds internal. Note that there is a reflection of the molten pool due to 

the lens filters in the upper left of each image; this reflection is ignored during image processing. 

The molten pool size increases with laser power from 4000 to 5000W, as expected due to the 

enlarged heat-affected zone at higher laser energy density. The molten pool temperature holds 

steady at a temperature of 1800˚C at LP = 4000 W. As laser power increases to 4500 and 5000 W, 

the corresponding temperature increased to 1850˚C and 1925˚C, respectively. The suppled Ti-6Al-

4V wire is fully melted (liquidus temperature of 1660˚C). It can also be observed that there is a 

slight decreasing trend of temperature for higher laser power. It may result from the experimental 

setup of sensors and data collection uncertainty caused by the deviation of the sensor’s focal point 

from the center of the molten pool progressively during the printing process. It has been previously 

documented in studies that the temperature directly measured in the molten pool can vary widely 

depending on the radial distance from the beam impingement point [48].  

 

Figure 3.3 Illustration of samples for stable molten pool image and the corresponding molten 

pool temperature data for change in laser power at a fixed travel speed of 5 mm/s and wire feed 

rate of 40 mm/s. (a) LP = 4000 W, (b) LP = 4500 W, (c) LP = 5000 W, (d) Molten pool 

temperature profile. 
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3.4.1.2 Effect of change in travel speed  

Figure 3.4 illustrates the molten pool variation with the change in travel speed measured at a 

fixed laser power of 4500 W and wire feed rate of 40 mm/s. Figure 3.4(a-c) shows that the typical 

molten pool length slightly decreases with increased travel speed from 3.5 to 6.5 mm/s. This is due 

to a decrease in time-dependent energy density with the increased travel speed. While the laser 

power had a strong influence on the molten pool temperature, the travel speed shows a minor 

influence on the temperature. At travel speed 3.5 and 5 mm/s, the temperature signals are almost 

the same in the range of 1840-1870˚C. At a speed of 6.5 mm/s, it can be seen that the temperature 

signal increases by about 20˚C in the entire time series. This conflicts with the intuition that the 

molten pool temperature should decrease with the increase in laser travel speed. The underlying 

reason should be the range of travel speed variation, which is limited to cause a significant change 

in the laser energy input. The uncertainty in the experimental setup could be an additional 

contributing factor. The molten pool temperature has a lower dependence on the travel speed than 

the laser power, as reported in the literature [16, 17, 49]. Bi et al. [16] observed that the molten 

pool temperature measured by a quotient pyrometer increases from travel speed 5 to 8.33 mm/s, 

then a slight decrement is observed up to a speed of 16.67 mm/s.  

3.4.1.3 Effect of change in wire feed rate  

 Figure 3.5 shows the effects of wire feed rate on characteristics molten pool at a constant laser 

power of 4500 W and travel speed of 5 mm/s. The dependence of molten pool features on the wire 

feed rate is complex compared to laser power and travel speed because of non-linear physical 

effects. When the laser power and wire pre-heat power are high enough, the increase of wire feed 

rate will enlarge molten pool size and increase molten pool temperature. Whereas with insufficient 

laser energy input, the molten pool size and temperature will drop, resulting from the cooling effect 

of the solid feedstock wire entering the molten pool. Figure 3.5 shows the molten pool temperature 

dropped with the increase of the wire feed rate. It results from the cooling effect of the solid 

feedstock, and the temperature of the feedstock from the wire preheater has an additional effect. 

Correspondingly, it can be observed that the molten pool surface profile stays almost constant at 

40 and 48.4 mm/s, then a smaller molten is observed due to the lower molten pool temperature.  
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Figure 3.4 Illustration of samples for stable molten pool image and the corresponding molten 

pool temperature data for change in travel speed at a fixed laser power of 4500 W and wire feed 

rate of 40 mm/s. (a) TS = 3.5 mm/s, (b) TS = 5 mm/s, (c) TS = 6.5 mm/s, (d) Molten pool 

temperature profile. 

 

 

Figure 3.5 Illustration of samples for stable molten pool image and the corresponding molten 

pool temperature data for change in wire feed rate at a fixed laser power of 4500 W and travel 

speed of 5 mm/s. (a) WFR = 40 mm/s, (b) WFR = 48.4 mm/s, (c) WFR = 50.8 mm/s, (d) Molten 

pool temperature profile. 
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3.4.2 Sensitivity analysis  

 Sensitivity analysis (SA) systematically identifies the smallest change in the process parameter 

that affects the measurable/detectable molten pool change. The results of SA can be used as 

guidance to set up the smallest process parameter increment/resolution when developing an in situ 

quality controller. It also helps in identifying the measure of the error in terms of output prediction 

accuracy evaluation. The analysis involves all the four controllable parameters, i.e., laser power, 

travel speed, wire feed rate, hot wire power (HWP), and their corresponding outcome on the 

measurable sensing data. This study uses the operational acceptance testing (OAT) approach, 

where only one variable is changed from the nominal value and returned back. The nominal 

process parameter values are laser power = 4500W, travel speed = 10mm/sec, wire feed rate = 

40mm/sec, and hot wire power = 300W. The sensitivity study involved changing the laser power 

to a value of ± 225 W and ± 500 W from the nominal value while keeping the remaining parameters 

constant. The same technique was used for changing the TS, WFR, and HWP in a step of ± 0.5 

mm/s and ± 1.5 mm/s, ± 4 mm/s and ± 10 mm/s, and ± 30 W and ±100W, respectively. For laser 

power, the smallest change that causes a measurable change in sensing data is 225 W, while for 

TS, the value is 1.5 mm/sec. The minimum change to cause variation in sensing data is 10 mm/sec 

for wire feed rate and 100 W for hot wire power.  

 Figure 3.6 shows the sensitivity analysis for the change in laser power of ± 500 W and the 

corresponding change in the molten pool temperature and molten pool size. It can be perceived 

that the change of laser power depicts a considerable variation to be detected by the pyrometer. 

The step-change in laser power for ± 500 W causes a ± 50˚C change in the molten pool temperature 

and a slight increment and decrement of molten size as indicated by Figure 3.6(b-d). The transient 

response of molten pool size and temperature to step changes in laser power is also presented. 

Transient analysis on the WLAM process allows one to determine how long it takes for the process 

parameters to reach a new steady-state due to step-change to guides process control in a real-world 

environment. For example, this information can be used to determine the lead/lag time of control 

actions in the future. In this case, as observed from Figure 3.6(b-d), it shows it takes about 3 to 5 

seconds to reach the new steady-state of the molten pool after a step-change in laser power.  
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Figure 3.6 Sensitivity analysis for resolution and prediction analysis (Laser power = ±500W). 

 

3.4.3 Thermal-process correlation analysis 

 For feature analysis, measurable data from three different thermal sensors: three signals from 

the pyrometers are utilized. Table 3.2 shows the Pearson correlation matrix between the sensed 

thermal data and process parameters (PP). The MP temperature is more correlated with process 

parameters than the trailing edge and leading edge temperature. Hot wire power is observed to 

have the least correlation with both the process parameters and temperature. Therefore, process 

parameters LP, TS, and WFR are the outputs of the CNN M-P model, while the input to the model 

is image data for uni-modality model development or image data plus MP temperature for the 

multi-modality model. 

3.4.4 Network convergence 

 To achieve its best prediction performance, the uni-modality CNN architecture consists of 31 

layers, including batch normalization, tanh activation function, and a dropout of 30%. The filter 

size, activation function, and pooling layers are user define parameters analyzed based upon the 

network's best performance. In the present study, the trained architecture for image data as input 

consists of seven convolution layers interlaced with three global average pooling layers. In 
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contrast, the optimized multi-modality network consists of a total of 24 layers, where the first 21 

layers are used for image feature extraction. The remaining three layers are for predicting the final 

control parameters along with the temperature data feature. The network uses batch normalization, 

tanh activation function, and a dropout of 50%. The multi-modality CNN consists of four 

convolution layers interlaced with two global average pooling layers.  Following the second global 

average pooling, the resulting output is unrolled into a vector and feed into a fully connected layer 

of dimension 100, which is reduced to a size of 3 before concatenating with the temperature 

feature. The final layer consists of 3 nodes, based upon the three process parameters’ prediction in 

our case.   

 

Table 3.2 Pearson correlation matrix between the sensed thermal data and process parameters. 

Variable 
Process parameter Sensed thermal data 

LP TS WFR HWP MP temp TE temp LE temp 

LP 1 -0.24 0.77 3.10E-16 0.94 0.43 0.82 

TS -0.24 1 -0.04 -6.04E-17 -0.16 -0.09 -0.37 

WFR 0.77 -0.04 1 0.43 0.73 0.13 0.57 

HWP 3.10E-16 -6.04E-17 0.43 1 -0.01 -0.39 0.02 

MP temp 0.94 -0.16 0.73 -0.01 1 0.40 0.76 

TE temp 0.43 -0.09 0.13 -0.39 0.40 1 0.16 

LE temp 0.82 -0.37 0.57 0.02 0.76 0.16 1 

 

 The uni-modality and multi-modality CNN architectures are trained using the mean square 

error as a loss function between the actual and predicted control parameters for the specific build. 

The performance of the developed end-to-end CNN architecture is evaluated by measuring the 

convergence and the prediction performance with different input feature combinations. The 

convergence is achieved by calculating the gradient of the loss function and propagating it back 

through the network. The network weight incoming from the neurons is altered to minimize the 

loss function during backpropagation. The hyperparameters influencing the backpropagation and 

controlling the network convergence are the learning rate, momentum, and velocity. The 
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optimization parameters for the uni-modality and multi-modality CNN utilized for training the 

models are detailed in Table 3.3. 

 

Table 3.3 Optimized hyperparameter values for the CNN architectures. 

Hyper-

parameter 

CNN model  

Uni-modality:  

Image data 

Multi-modality:  

Image and temperature data 

Learning rate 10-5 10-5 

Momentum - 0.9 

Epoch 10 10 

Batch size 10 10 

 

 Figure 3.7 shows the training loss for the CNN architectures during the training stage. The 

training loss suggests that both the models converge towards the output parameters for the 

optimized hyperparameters. 

 

Figure 3.7 Training loss for uni-modality and multi-modality CNN structure (a) Uni-modality 

CNN: Image data, (b) Multi-modality CNN: Image and MP temperature data. 

 

3.4.5 Performance prediction  

 Table 3.4 shows the results for uni-modality CNN and multi-modality CNN. The two CNN 

architectures are trained for an epoch of 10 with 6000 training samples and 500 test samples of 
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image and temperature data collected during 13 builds. The CNN architecture uses 6-fold cross-

validation and the results discussed below are the average error of the 6-fold cross-validation.  

 

Table 3.4 Comparison between uni-modality and multi-modality CNN for predicting the control 

parameters using RMSE, RE, NRMSE, and SD. 

Process 

parameter 

CNN model 

Uni-modality: 

 Image data 

Multi-modality:  

Image and MP temperature data 

RMSE RE NRMSE SD RMSE RE NRMSE SD 

LP 385.23 7.48% 19.26% 192.08 186.48 3.49% 9.32% 115.58 

TS 1.54 37.70% 23.77% 1.15 1.12 26.70% 17.29% 0.77 

WFR 7.97 16.95% 25.47% 3.15 6.41 13.93% 20.51% 3.92 

  

 The network performance is compared using RMSE, RE, and NRMSE for the three predicted 

control parameters. As seen from Table 3.4, the RMSE values for the multi-modality CNN are 

below the sensitivity values for the corresponding process parameters allowing the model’s output 

prediction to be used in control architecture, which means the model’s performance is good for 

control purpose. 

 Table 3.4 depicts the fact that the relative error for TS is high compared to laser power and 

wire feed rate for both uni-modality and multi-modality CNN. The high percentage value is caused 

by the lower end of TS, i.e., 3.5 mm/s, which is significantly lower than the normalized TS of 6.6 

mm/s. For a laser DED process, LP and TS are highly correlated parameters based on analytical 

and numerical modeling. However, feature selection using the Pearson correlation for the current 

dataset shows no such relation because of data sparsity. The upper and lower bound for the TS, 

i.e., 3.5-10 mm/s, is smaller, and there exists an improper distribution of TS within the set bound. 

Hence, the high RE is depicted for the travel speed.  

 Figure 3.8 shows the RMSE and SD comparison for the developed uni-modality and multi-

modality CNN architecture. It can be observed from Table 3.4 and Figure 3.8 that the SD for the 

multi-modality CNN is lower compared to the uni-modality CNN in the case of LP and TS. 

Although the SD for the WFR is higher for multi-modality CNN, the RMSE is lower. 



  

 33 

 

 

Figure 3.8 RMSE and SD comparison for uni-modality and multi-modality CNN. 

 

 The current work presents a CNN approach predicting the current control parameters required 

for the desired molten pool image and temperature. The results conclude that adding molten pool 

temperature as a modality to the image data improves the model’s performance by 51.6%, 27.3%, 

and 19.5% for laser power, travel speed, and wire feed rate, respectively. Data sparsity in the 

current dataset cannot accurately capture the underlying physics for the molten pool condition-

process model using single-modality. 

3.5 Discussions 

3.5.1 Molten pool temperature influence on model’s performance 

 Raghavan et al. [38] developed a heat transfer and fluid flow model for the laser DED process 

to examine how changes in processing parameters affect the relationships between molten pool 

surface, thermal cycles, and solidification parameters in Ti-6Al-4V. Molten pool surface area is 

found to be a poor indicator of cooling rate at different locations in the molten pool. Therefore, it 
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cannot be relied upon to achieve targeted part quality control. It is shown that monitoring or 

controlling only the molten pool surface area can be insufficient for achieving targeted 

microstructures and mechanical properties. As indicated in Table 3.4, the multi-modality CNN 

model combining additional temperature features outperforms the uni-modality CNN model, 

providing a more accurate prediction of the WLAM process. Performance improvement of the 

multi-modality CNN is mainly because monitoring the surface molten pool geometry only does 

not provide sufficient information to incorporate molten pool thermal profile. 

 Based on the Pearson correlation matrix from Table 3.2, the molten pool temperature is more 

likely to correlate with process parameters compared to the leading edge and trailing edge 

temperature of the solid material just in front of and behind the molten pool. Table 3.5 shows the 

multi-modality CNN comparison for different temperature measurements as input to the network. 

The leading edge, molten pool, and trailing edge temperature are used as input to the network 

along with the image data. The three CNN architectures are compared using RMSE, RE, NRMSE, 

and SD. Table 3.5 further verifies that the multi-modality model’s prediction performance using 

molten pool image plus MP temperature generally outperforms the other two models in terms of 

error metrics, i.e., RMSE and RE.  

 There is a location dependent temperature profile and gradient across the fusion depth and 

radius of the molten pool.  A near-gaussian temperature profile exists in the molten pool with the 

highest value near the laser location and decreasing linear variation toward the molten pool’s 

trailing/leading edge [50, 51]. From our experiments at various process parameters, almost all of 

the molten pool’s temperature at the center of the molten pool is greater than 1800˚C (Figure (3.3-

3.5)), which is overall greater than the melting point of Ti-6Al-4V being about 1660˚C. In 

comparison, the trailing/leading edge temperature is less than the molten pool temperature in the 

range of 250-400˚C. The molten pool’s temperature at the center near the laser heating location is 

a more representative temperature feature for the molten pool during printing, providing more 

meaningful information for molten pool condition-process modeling.  
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Table 3.5 Comparison between different temperature inputs to the multi-modality CNN for 

predicting the control parameters using RMSE, RE, NRMSE, and SD. 

PP 

CNN model 

Multi-modality: Image and 

LE temperature data 

Multi-modality: Image and 

MP temperature data 

Multi-modality: Image and 

TE temperature data 

RMSE RE 
NRMS

E 
SD RMSE RE 

NRMS

E 
SD RMSE RE 

NRMS

E 
SD 

LP 472.28 9.05% 23.61% 340.13 186.48 3.49 % 9.32% 115.58 632.69 11.56% 31.63% 336.57 

TS 1.13 24.94% 17.37% 0.70 1.12 26.70% 17.29% 0.77 1.14 26.69% 17.52% 0.73 

WFR 10.76 22.59% 34.37% 4.42 6.41 13.93% 20.51% 3.92 7.55 16.11% 24.12% 3.67 

 

3.5.2 M-P model for in situ quality assurance 

 Maintaining a consistent value of molten pool geometry and temperature allows for potentially 

achieving desired final build geometry and microstructural properties required for quality 

assurance. Figure 3.9 represents the in situ quality assurance framework based upon the developed 

molten pool condition-process model. The designed M-P model is an end-to-end prediction 

network that eliminates the need for offline feature extraction and selection processes and maps 

the complex high-dimensional relationship between the sensing data and process parameters. The 

end-to-end network takes raw molten pool image and thermal with minimal preprocessing as input. 

The molten pool condition is directly mapped using the CNN to the required process parameters 

to achieve it. For in situ molten pool geometry and temperature control, the process parameter 

predictions from the M-P model can be used as an end-to-end feedforward controller which is used 

in conjunction with the feedback controller for computing the ultimate process parameters to be 

used by the printer. As a feedforward controller, the data-driven M-P model can provide predictive 

process parameters to achieve the desired molten pool geometry and temperature, eliminating 

disturbances before the process is affected.  

 A proportional integral derivative (PID) feedback controller can be employed to deal with 

unmeasured disturbances caused by system operation. The feedback functions by continuously 

measuring the system’s output and providing corrective input calculated from the PID control 

algorithm. Together, the feedforward and feedback controller calculates the final process 
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parameters based on known system dynamics knowledge and measured process errors and 

disturbances. 

 

Figure 3.9 Proposed architecture for a laser wire-feed DED process based on machine learning 

using the M-P model for in situ quality assurance.  

 

3.6 Conclusion 

 In this paper, we experimentally collected sensor data from the molten pool in a WLAM 

process under a set of controlled input process parameters. A vision and a pyrometer-based sensing 

system are instrumented for laser hot wire feed DED to acquire molten pool sensing data. The 

dataset consists of different process parameters for performing single bead depositions. The molten 

pool condition-process relation is described and analyzed experimentally along with the Pearson 

correlation matrix.  A molten pool condition-process parameter model is developed using multi-

modality CNN to map the relationship between the molten pool image and thermal data and 

process parameters as a part of the in situ quality assurance framework. The prediction results 

indicate that adding temperature for process parameter prediction improved the model’s 

performance of 51.6% in laser power, 27.3% in travel speed, and 19.5% in wire feed rate. The 

results reveal that CNN is a valuable technique to build an end-to-end prediction model directly 

from the measurable sensor data with minimal preprocessing. The trained M-P model can be used 

as a feedforward controller for providing predictive actions to the system based upon experimental 

data knowledge. 
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CHAPTER 4 

IN SITU MICROSTRUCTURE PROPERTY PREDICTION BY MODELING MOLTEN 

POOL-QUALITY RELATIONS FOR WIRE-FEED LASER ADDITIVE  

MANUFACTURING  

Reproduced from a paper draft, to be submitted, Noopur Jamnikar2, Sen Liu2, Craig Brice2, 

Xiaoli Zhang2 

4.1 Abstract 

 Metal additive manufacturing (AM) is sensitive to any changes of process or environment 

variables that potentially have a significant impact on the part quality. The lack of in-process 

property monitoring and control for quality assurance of AM parts is the main barrier that prevents 

the widespread use of AM technologies. To enable in situ quality monitoring of printed part 

characteristics, we have developed an in-process sensing system integrated with a wire-feed laser 

AM (WLAM) machine to monitor the molten pool dimensional and temperature profiles, which 

are a significant indicator of microstructural properties of final parts. The part microstructure 

characteristics such as Alpha lath thickness and Beta grain size are evaluated comprehensively. A 

convolutional neural network (CNN) model is developed for establishing the correlations directly 

from in-process molten pool information to the microstructural properties. The multi-modality 

CNN (m-CNN) receives both camera and pyrometer sensors as input, yielding an improvement in 

the property prediction performance. The m-CNN model is investigated and benchmarked with 

the traditional Gaussian process regression (GPR) model. The developed model proves the 

feasibility of in-process microstructural property estimation from molten pool sensing data to 

provide a pathway for high quality design and control of metallic AM technologies. 
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(CNN), molten pool, microstructure, quality control. 

4.2 Introduction   

 Additive manufacturing (AM) is gaining wide interest and adoption in the manufacturing 

industry for building customized products. Metallic AM includes powder bed fusion (PBF), direct 

energy deposition (DED), sheet lamination, materials jetting. The material supplied generally is 

either in powder or wire form. The material is deposited layer by layer until the part reaches a near-

net shape. In this paper, we focused on wire-feed laser additive manufacturing (WLAM) 

technologies, which is a DED process. During the WLAM process, a focused energy source and 

deposition material are concentrated at a focal point, commonly under the presence and protection 

of inert gas in a closed chamber. Energy is guided to a narrowly focused area, mainly powered by 

a source such as a laser beam, electron beam, plasma arc, etc., to melt the deposited materials along 

with the substrate [1, 2].  

 Low-volume production, high experiment cost, and complex process-structure-property 

relations of metal AM make it challenging for estimating the output property of the printed part 

during manufacturing, whereas in situ estimation and quantification of part quality are vital for the 

widespread adoption of AM technologies, allowing for a precise part quality control and lower 

production cost. Because of the short laser-material interaction times and highly localized heat 

input, the thermal gradients and rapid solidification rates lead to a build-up of thermal stresses and 

non-equilibrium phases. Non-optimal process parameters can cause molten pool instabilities, 

which leads to defects and geometric distortions. Further, it has been shown that AM-specific 

microstructures from fast solidification of molten pool significantly affect the mechanical 

properties of the part, such as strength, ductility, and fatigue behavior. The molten pool behavior 

should be monitored and controlled carefully to obtain printed parts with a designed 

microstructure. Traditionally, the property of the printed part is quantified after materials 

deposition. As a result, most of the product development follows trial and error manufacturing and 

testing for quality assurance, which is time-consuming and costly.  

 Most of the research involving AM printed part quality analysis has been focused on geometry 

and microstructural properties. It includes modeling of surface roughness [3, 4], microstructural 
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and mechanical properties [5-12], topography, and dimensional accuracy [5, 6, 13-16], which 

either using analytical or numerical techniques. Other modeling efforts conducted are for flow 

phenomena and droplet kinematics [10, 17-22] and heat transfer [6, 16, 22]. Microstructural 

properties modeling has been widely performed using finite element analysis (FEA), thermal 

modeling, and phase field simulation approaches [23-27]. Some research has been conducted to 

analyze the effect of processing parameters on microstructural evolution [28-30].  

 Recent work in microstructural properties has been focused on the usage of in-process sensing 

data for microstructural defects prediction. The data-driven characterization modeling for 

microstructures involves classification problems to detect porosity, defects, and failure vs. normal 

build [31-33]. For example, Khanzadeh et al. [34] acquired molten pool thermal images using a 

dual-wavelength pyrometer to identify the location of porosity using a supervised machine 

learning technique. Imani et al. [35] presented a deep neural network (DNN) to detect part flaws 

with an accuracy of 92.50% based on a layerwise thermal imaging profile. Zhang et al. [36] 

presented a CNN structure to classify the occurrence of microstructural porosity in direct laser 

deposition with an accuracy of 91.2% based on imaging of printed bead. Gonzalez et al. [37] 

performed a novel convolutional laser-based manufacturing (ConvLBM) method to extract 

features from printed bead images directly to estimate the printed bead dilution and location of 

defects. Bartlett et al. [38] developed a microstructural defect classification model using the 3D 

digital image correlation imaging system. A Naïve-Bayes classification technique was used for 

predicting the possible microstructural defects. 

 In situ characterization of the final build part is an urgent need and requires the usage of data-

driven modeling and real-time sensing data techniques. As seen from the above literature, the in 

situ part property prediction using sensing data was mainly focused on microstructural defect 

characteristics, such as porosity levels and defect locations. Few researchers have presented an in 

situ quality assurance architecture for predicting microstructural phase information during the 

WLAM process. In this paper, the Ti-6Al-4V alloy was printed for study. The microstructure of 

AM Ti-6Al-4V is sensitive to the thermal environment of the process. Different thermal conditions 

lead to different α/β microstructural features and length scales [39, 40]. In the case of laser-based 

AM, as-deposited parts show a transformed beta microstructure with a highly columnar beta grain 

(aligned to the build direction) and a fine α lath microstructure [41-43]. It has been shown that the 
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final microstructures of Ti-6Al-4V significantly affects mechanical property such as strength, 

ductility, hardness, fatigue and wear resistance [44, 45]. Estimating the part microstructural phase 

information directly from real-time sensing data has rarely been done as the associated high cost 

for data collection from an in situ monitoring system and ex situ part characterization. 

 To solve this issue, we have collected an experimental dataset for in situ molten pool 

information and part microstructural properties under a set of controlled process parameters for 

WLAM Ti-6Al-4V. The in situ and ex situ characterization knowledge gained from experiments 

will inform data-driven ML architecture to map the complex relationship between the process, 

molten pool dynamics, and quality characteristics. The developed microstructural model allows 

for a real-time quality assurance framework with desirable performance accuracy (Green color 

module: M-Q model from Chapter 1, Figure 1.3). The contributions include: (a) Experimental data 

collection under different machine settings for building real-time sensing data with CCD camera 

and pyrometer sensors, and final part microstructure dataset. (b) The effects of molten pool 

characteristics on printed bead quality and their correlations are calculated and analyzed. (c) The 

molten pool-quality relation is formulated as a multi-modality CNN (m-CNN) model for the in 

situ prediction of part characterization properties. The prediction metrics of the CNN model are 

evaluated and compared with the traditional regression model performance. (d) An additional 

temperature data feature as input to the CNN along with image features is analyzed. The molten 

pool-quality relations model exhibited an improvement in the prediction performance. 

4.3 Materials and methodology 

4.3.1 WLAM experimental setup 

 The WLAM DED system was developed and installed at Oak Ridge National Laboratory in 

Knoxville, Tennessee. A 6kW laser is delivered to the end effector of the robot arm in the presence 

of argon filled environment. The feedstock is 1.5875 mm Ti-6Al-4V welding wire per AMS 4954K 

specification. The laser WLAM DED robot setup, along with the mounted sensors, is shown in 

Figure 4.1. The sensors were selected to capture as much data as possible from the process during 

operation. There were five categories of data that were collected: visual, thermal, positional, 

chemical, and acoustic. Two Prosilica GT1930C cameras were mounted to the robot head, one 

directly coaxial with the process and the other at a 90 degree oblique angle to the primary direction 

of travel. The camera is connected using an Ethernet interface, recording 1936 × 1216 pixels 
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images at 25 frames per second (fps) using the NI PXIe-8234 vision module. The main issue in 

the laser-based AM process is that the image contrast for the molten pool is too bright to capture 

the surface morphology directly. Hence, bandpass filters are mounted in front of the camera to 

reduce the intensity. There are three pyrometers with a temperature range of 50-400˚C, 200-

1500˚C, and 1000-2000˚C to measure the leading (Optris CTlaser 3M), trailing (Optris CT XL 

3M), and molten pool (Optris CTlaser 05M) temperatures, respectively. The pyrometers are 

calibrated for emissivity using a heated plate and physical contact measurements with 

thermocouples. Note that the molten pool pyrometer could not be easily calibrated using a similar 

method, so the presented data are considered relative and not absolute. The leading and trailing 

edge pyrometers are pointed approximately 25 mm in front of and behind the molten pool. 

Temperature data is collected at 100 Hz using NI PXIe-4302 analog input module. An acoustic 

sensor is mounted on the laser head operating a frequency of 1 kHz to capture variations during 

the build. Analysis of the sensor signals relative to the process during stable and unstable operation 

will determine how each sensor can be used in the control logic. The National Instrument (NI) 

industrial controller NI PXIe-8880 along with the vision development module and analog/digital 

I/O module, is used for monitoring and controlling the laser DED system. This paper focuses on 

analyzing the in situ sensing data from the coaxial camera and three pyrometers.  

 

Figure 4.1 Integrated laser hot wire-feed DED system. 
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4.3.2 Data preparation and build characterization 

 In this study, thirteen experiments were conducted for different values of process parameters, 

i.e., laser power (LP), travel speed (TS), wire feed rate (WFR), and hot wire power (HWP) for a 

100 mm single bead deposition. Table 4.1 shows the combination of process parameters used for 

data collection of WLAM printing and the corresponding microstructural properties. The collected 

characterization data for single bead deposition include three microstructural parameters.  The 

measured microstructural properties are alpha lath thickness (α), beta grain length parallel to the 

build (β∥), and beta grain length perpendicular to the build (β⊥). The process parameters vary in 

the range of 4000-6000 W, 3.5-10 mm/s, and 40-71.3 mm/s for laser power, travel speed, and wire 

feed rate, respectively. The molten pool dynamics during materials deposition consist of both the 

steady and transient states. The pixel range for the image data from the coaxial camera is enormous, 

and it covers a vast portion of the unwanted region. The molten pool image is preprocessed with a 

selected region of interest (ROI) and cropped to reduce the image size without missing any 

information and keep the data within the hardware processing capability. Hence, the coaxial 

camera images are cropped to a size of 481 × 566 to be processed and trained in MATLAB. The 

dataset consists of 6500 images from 13 builds, containing 500 stable-state molten pool images 

from a coaxial camera and temperature data from each build. From the 13 build dataset, 12 builds 

are used for training the network, while the remaining one build dataset is used for the testing 

phase.  

 

Table 4.1 Process parameter setting for the collected sensing data and microstructure 

characteristics. 

Experiment 

# 

Process parameters Microstructure properties 

Laser 

power 

(W) 

Travel 

speed  

(mm/s) 

Wire feed 

rate 

(mm/s) 

Hot wire 

power 

 (W) 

α 

(µm) 

β∥ 
(µm) 

β⊥ 

(µm) 

1 6000 6.6 60 300 1.38 424.54 1056.91 

2 6000 5 60.1 300 1.39 466.10 1122.01 

3 6000 3.5 71.3 400 1.42 525.88 1198.34 
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Table 4.1 Continued 

4 6000 3.5 50.1 200 1.38 485.04 1147.22 

5 4500 5 48.4 300 1.32 452.36 1173.63 

6 4500 5 50.8 300 1.33 457.77 1186.98 

7 4500 10 50.8 300 1.29 321.69 965.91 

8 4500 5 43 300 1.31 440.13 1142.59 

9 4500 5 40 300 1.30 433.31 1124.77 

10 5000 5 40 300 1.32 432.48 1109.28 

11 4000 5 40 300 1.28 433.02 1131.84 

12 4500 6.5 40 300 1.29 393.11 1062.43 

13 4500 3.5 40 300 1.31 473.16 1178.81 

 

 The characteristics of the printed bead using the WLAM setup are quantified. No heat 

treatment is performed on any of the bead samples produced in this study. The microstructural 

information for a single bead deposition from a cross-section is exhibited in Figure 4.2. The 

specimens are finely polished for microstructures analysis, and scanning electron microscopy was 

used to examine the alpha lath thickness in the backscattered electron mode. The samples are then 

etched for 40–60 s in Kroll reagent (1 ml HF+2 ml HNO3+50 ml H2O) to emerge a flesh condition 

for observation. The optical microscopy under polarized light is used to distinguish the prior-β 

grains by their crystal orientation. The microstructural image of α lath and prior-β grains are 

analyzed using ImageJ software to obtain statistical information. Alpha lath thickness, beta grain 

length parallel to the build, and beta grain perpendicular to the build direction are calculated for 

microstructural analysis as shown in Table 4.1 [46]. 
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Figure 4.2 The experiments data collection from (a) WLAM system operating under a set of 

controlled process parameters, (b) Printed bead for different settings of process parameters, (c) 

Characterization analysis for bead microstructure. 

 

4.3.3 Feature engineering process 

 By increasing the number of features, feature engineering increases the problem's 

dimensionality, leading to the "curse of dimensionality" [47, 48].  Hence, before training the ML 

models, it is essential to remove redundant or noisy experimental temperature data for improved 

accuracy and reduce model complexity. The in situ sensing data from the system could be 
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corrupted or noisy because of the environment or sensor measurement. It is crucial to perform 

feature selection for the thermal data that map the valuable sensing data to the microstructural 

properties to improve the network's performance. Hence, the thermal sensing data correlation to 

the build microstructural properties is analyzed before training the model. Features correlation and 

redundancy were evaluated using Pearson correlation [49]. The Scikit-learn python 

implementation of these algorithms was used [50]. Correspondingly, Pearson correlation between 

feature pairs 𝑟𝑥𝑖𝑗or feature and property 𝑟𝑥𝑦 uses the standard definition, 

    𝑟𝑥𝑦 = ∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)𝑛𝑖=1√∑ (𝑥𝑖−�̅�)2 𝑛𝑖=1 √∑ (𝑦𝑖−�̅�)2𝑛𝑖=1  (4.1) 

Where, n is the sample size, 𝑥𝑖 and 𝑦𝑖 are the individual sample points, and  �̅� and  �̅� are the sample 

means. 

4.3.4 Sensing-microstructure modeling 

4.3.4.1 Multi-modality CNN modeling 

 Figure 4.3 shows the Sensing-Microstructure (S-M) m-CNN model with molten pool sensing 

data from the pyrometers and camera as inputs and outputs the corresponding build microstructural 

properties based upon the sensor data. In situ sensing data is collected from a WLAM system 

installed with sensors to record the molten pool evolution during printing. Next, the sensing image 

data collected during the 13 builds is synchronized with the corresponding molten pool 

temperature data points, as shown in the input block (Figure 4.3). The effects of molten pool 

features on quality characteristics and their correlations are analyzed. CNN architecture performs 

automatic feature extraction via convolution and pooling layers to obtain the most meaningful 

features from the molten pool image data, so no need for additional feature extraction steps. The 

fully connected layer takes extracted image features in conjunction with the molten pool 

temperature for property estimation, i.e., the microstructural properties. The network is trained on 

the steady-state molten pool sensing data for estimating the microstructural characteristics. The 

trained S-M network can then predict the quality properties directly from unseen real-time sensing 

data collected during the build.  
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Figure 4.3 Sensing- microstructure relations modeling using m-CNN for microstructure 

properties prediction using molten pool images and temperature data. 

 

 In recent years, CNN has widely been adopted for using experimental data for various 

applications [51-54]. CNN takes advantage of the multi-dimensional image input to learn the 

intricate features concerning each other, from high-dimensional image data to output classes or 

values. CNN consists of different layers such as a convolutional layer, activation function, pooling 

layer, fully connected layer, batch normalization, dropout, etc., for classification and regression 

tasks. The input image is first processed by a set of kernels, also known as filters. The 

convolutional layer is applied to extract features by convolving the features from the previous layer 

and shifting the filter as specified by the stride. The filters are learnable weights that are 

continuously updated during learning, while the size of the filter is user-defined. The feature map 

F is represented in Eq. (4.2) as, 

    𝐹(𝑖, 𝑗, 𝑘) = ∑ ∑ ∑ 𝐸𝐿−1𝑙=0𝑁−1𝑛=0𝑀−1𝑚=0 (𝑖 + 𝑚, 𝑗 + 𝑛, 𝑙)𝐾𝑘(𝑚. 𝑛, 𝑙) + 𝑏𝑘 (4.2) 

Where, 𝐸 is the extracted features from the previous layer, 𝐾𝑘 is the applied filter, 𝑏𝑘 is the bias, 

(M, N, L) is the size of the filter, and L is the 3rd dimension of the previous feature map layer. 

 The feature map represents the input, i.e., the molten pool image response to the feature defined 

by the input filter. With the addition of more convolutional layers, the features become more 

abstract and directed towards the output prediction/classification problem. The standard activation 

functions that are applied are ReLU, Tanh, Sigmoid, LeakyReLU, etc are used to introduce non-

linearity in the network. In this work, the clipped ReLU activation function is used. A batch 
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normalization layer reduces overfitting and network malfunction due to improper learning rate and 

speeding up the training process [55]. Pooling layers are added to downsample the data dimension 

and introduce local invariance, making the feature map less sensitive to locations and decreases 

the computational volume of data. Standard pooling functions are global pooling, average pooling, 

max pooling, etc. The last global average pooling layer's output is an input feature vector to a fully 

connected layer to predict the final microstructural properties. The filter size, activation function, 

and pooling layers are user define parameters analyzed based upon the network's best performance. 

 The different layers are connected in a user-defined manner to form a network that is trained 

using backward propagation and gradient descent technique. The learning parameters are adjusted 

during the training to achieve accurate prediction of microstructural properties and minimize the 

training loss function, i.e., mean square error in our case as given in Eq. (4.3), 

    𝐿𝑜𝑠𝑠𝑀𝑆𝐸 = ∑ 𝑙(𝑦𝑛, �̂�𝑛)/𝑁𝑁1  (4.3) 

Where, 𝑙 is the loss function, 𝑦𝑛 is the target value, �̂�𝑛 is the predicted value, and N is the size of 

the training data. 

4.3.4.2 Regression modeling 

 Different regressions techniques such as linear regression, Gaussian process regression (GPR), 

polynomial regression, and support vector regression (SVR) are popular function estimation 

methods that can be used for prediction modeling [56, 57]. Each method is suitable for a specific 

application based upon the dataset and modeling approach.  The Gaussian process regression is 

utilized and optimized for microstructural properties prediction.  

 The Gaussian process regression is another ML technique utilized to map the complex non-

linear relation of the sensing data directly to the post-processing microstructural properties. GPR 

model is shown effective in modeling compositions-process-property correlations [58]. It is 

advantageous because of its adaptability to a small dataset and uncertainty measurement on the 

estimated value. Gaussian process regression is a probabilistic nonparametric approach based upon 

the kernel function. GPR operates by estimating the hyperparameters for the covariance function, 

the noise variance, and the coefficient of the basis function while the model is being trained. The 

hyperparameters of the covariance functions are tuned by maximizing the log marginal likelihood 

of the input data during training. The initial values for the choice of covariance function and basis 
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function are specified by the user. A squared exponential kernel with a separate length scale for 

each predictor is used as the covariance function to deal with complex input-output relations. A 

fully independent conditional approximation and a subset of regressors approximation are used as 

predict method and fit method based upon the nature of the available dataset. MATLAB version 

2020b is used to implement CNN and GPR models. 

4.3.5 Performance evaluation 

 In order to predict the microstructural properties accurately, the network structure, input, and 

output need to be evaluated along with the structure generalization capability. When constructing 

a CNN, more input layers result in a higher quality of the extracted features. However, this is not 

always the case because of dissipating or shooting gradient or degenerative models when using 

deeper networks. When training a CNN, the gradient calculated using backpropagation is 

responsible for updating the network's weights. Poorly designed network structure causes the 

gradient to shoot or vanish, resulting in a slower model learning process and lower accuracy. 

Hence, the CNN architecture and the layers are optimized to suit the specific application for 

designed input and output. The m-CNN is trained to predict the final build microstructural 

properties.  

 Generally, the developed model returns a result under specific training and testing samples. 

However, its performance could be worse if the training and testing samples do not represent the 

entire dataset, even if the samples belong to the same dataset. Cross-validation is a common way 

to avoid this problem. We implemented 6-fold cross-validation where the dataset is split into a 1:5 

ratio. The smaller set is used for testing, and the larger set is used for training, i.e., 5-parts training 

and 1-part validation.  The generalization is gauged by performing 6-fold cross-validation where 

is the network is trained on 6000 molten pool image and temperature data samples and tested on 

the 500 unseen samples. 

 The evaluation criteria used for performance comparison are the root mean square error 

(RMSE), and relative percentage error (RE) between the actual and predicted properties, given in 

Eqs. (4.4, 4.5) respectively. 𝑦𝑖 is the measured, and 𝑦𝑖′ is the model predicted property value. 

Standard deviation (SD) for the 6-fold CV is evaluated for comparison. Normalized RMSE 

(NRME) is another error evaluation metric for different scales of parameters, as given in Eq. (4.6). 

The normalization values used for microstructural properties prediction are 0.1423 µm, 204.1858 
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µm, 232.4281 µm for alpha lath thickness, beta grain length parallel to the build, and beta grain 

length perpendicular to the build, respectively.   

    𝑅𝑀𝑆𝐸 = √1𝑛 ∑ (𝑦𝑖′ − 𝑦𝑖)2𝑛𝑖=1  (4.4) 

 

    𝑅𝐸 = 1𝑛 ∑ |𝑦𝑖′−𝑦𝑖𝑦𝑖 |𝑛𝑖=1 × 100% (4.5) 

 

    𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸(𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛) × 100% (4.6) 

   

 Multi-modality CNN architecture for microstructure prediction is trained using the mean 

square error as a loss function between the actual and predicted control parameters for the specific 

build. The evaluation metric for validating the training and testing is the convergence and the 

accuracy performance of the trained model. The convergence is achieved by calculating the 

gradient of the loss function and propagating it back through the network. The network weight 

incoming from the neurons is altered to minimize the loss function during backpropagation. The 

hyperparameters influencing the backpropagation and controlling the network convergence are the 

learning rate, momentum, and velocity. The optimization parameters utilized for training the S-M 

model are detailed in Table 4.2.  

 

Table 4.2 Optimized hyperparameter values for the CNN S-M architecture. 

Hyper-parameter 
m-CNN  

S-M model 

Learning rate 10-5 

Momentum 0.9 

Epoch 10 

Batch size 10 
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4.4 Results 

4.4.1 Feature analysis and data selection  

 In this study, the sensing data includes the camera images and temperature measurement of the 

molten pool (MP), leading edge (LE), and trailing edge (TE) of the molten pool region. Molten 

pool dimensional features, including width and length of the pool for the standard GPR model, are 

extracted from the in-process motoring video by performing image segmentation. The flowchart 

for the width and length measurement is presented in Figure 4.4(a). The images from the camera 

are accessed frame by frame to extract the red plane as a reference. The extracted red image plane 

is applied with image thresholding to remove image background noise. After thresholding, the next 

step is edge feature extraction, which is based upon the threshold applied and filter for detecting 

the edges. There are five basic types of filters, i.e., Prewitt, differentiation, Robert, Sobel, gradient, 

each suitable for a specific application [59]. Robert filter was applied to get the most accurate 

representation of the molten pool. Once the edges are detected, we then define the region of interest 

for width and length measurement. Figure 4.4(b) shows the extracted width and length plot in mm 

for one single bead deposition experiment. The extracted width and length are used along with the 

MP temperature to predict the characterization data using the GPR model. 

 
Figure 4.4 Image processing for molten pool dimension extraction (a) Flowchart for dimension 

measurement (b) Molten pool width and length data for single bead deposition. 
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 Table 4.3 shows the Pearson correlation matrix between the measurable sensing parameters 

and the microstructural properties.  Analyzing the Pearson correlation between the measurable 

molten features and microstructural properties identifies the alpha lath thickness has the highest 

correlation with MP dimensional and temperature features compared with β grain size. The feature 

of MP temperature is significantly correlated with MP width and length as expected. Based upon 

literature, molten pool temperature is also shown to be highly correlated with the characterization 

properties [1, 60].  Hence, along with image data, molten pool temperature is used as input to the 

S-M model. CNN model directly uses the raw camera images (with no feature extraction) as input 

to the networks along with molten pool temperature spectral data, whereas the extracted image 

features (molten pool width and length) together with temperature spectrum are used as the input 

for GPR regression model.  

 

Table 4.3 Pearson correlation matrix between the sensing data and microstructure characteristics.  

Variable 

Sensing data Microstructure properties 

MP  

width 

(mm) 

MP  

length 

(mm) 

MP  

temp 

(˚C) 

TE 

temp 

(˚C) 

LE 

temp 

(˚C) 

α  

(µm) 

β∥ 
(µm) 

β⊥ 

(µm) 

MP width (mm) 1 0.98 0.88 0.25 0.94 0.90 0.55 0.15 

MP length (mm) 0.98 1 0.90 0.29 0.91 0.91 0.48 0.08 

MP temp (˚C) 0.88 0.90 1 0.40 0.76 0.88 0.38 0.01 

TE temp (˚C) 0.25 0.29 0.40 1 0.16 0.31 0.11 -0.04 

LE temp (˚C) 0.94 0.91 0.76 0.16 1 0.78 0.51 0.14 

α (µm) 0.90 0.91 0.88 0.31 0.78 1 0.64 0.30 

β∥ (µm) 0.55 0.48 0.38 0.11 0.51 0.64 1 0.90 

β⊥ (µm) 0.15 0.08 0.01 -0.04 0.14 0.30 0.90 1 

 

4.4.2 CNN model performance  

 The m-CNN architecture for achieving the best performance accuracy for predicting the 

microstructural properties consists of a total of 24 layers. The unrolled output from the global 
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average pooling layer is fed into a fully connected layer with dimension 110, which is then reduced 

to a size of 3 before concatenating with the temperature feature. The final prediction layer consists 

of three nodes based upon the three microstructure properties prediction. The S-M model is trained 

using 6000 training samples and 500 unseen test samples of MP image and temperature data 

collected during 13 builds. The m-CNN based S-M uses 6-fold cross-validation, and the results 

discussed below are for the unseen test dataset with the average error of the 6-fold cross-validation.  

   The performance of the CNN model is compared with the GPR regression model trained 

on the same datasets. The regression model is used as a baseline for comparison with the CNN 

model's prediction. Figure 4.5 shows the general framework that employs the sensing-

microstructure regression model for microstructural properties prediction using molten pool 

dimensional information and temperature data. The input to the regression model is the molten 

pool dimensional information; width, length, and MP temperature data. The MP temperature is 

used as input as it is shown to have the highest correlation with the characterization properties as 

described in Section 4.3.1. The model's output is the three microstructural properties as that of the 

m-CNN model. Note that we optimized the CNN structures, respectively, for our m-CNN and the 

baseline GPR model to compare their best performance. 

 

Figure 4.5 Sensing-microstructure regression model for microstructure properties prediction 

using molten pool dimensional information and MP temperature data. 

 

 Table 4.4 shows the prediction performance of the CNN and regression model for the 

microstructural properties. The lowest RMSE, RE, and SD of CNN are exhibited for α phase 
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thickness as described by strong Pearson correlation with sensing data from Table 4.3. The 

prediction error for β grain length in parallel and perpendicular is relatively larger. The reason 

could be the data collection methodology, where the length of β length is relatively difficult to 

accurately measure due to the end of β grain mixed with finer equiaxed α/β microstructures [46].  

 

Table 4.4 The m-CNN and standard GPR regression S-M model for predicting the 

characterization properties using RMSE, RE, NRMSE, and SD. 

Error metric 

Data-driven models 

CNN model Regression model 

α 

(µm) 

β∥ 

(µm) 

β⊥ 

(µm) 

α 

(µm) 

β∥ 

(µm) 

β⊥ 

(µm) 

RMSE 0.02 20.27 30.26 0.03 29.51 53.03 

RE 1.15 % 5.84 % 3.73 % 1.98 % 6.86 % 5.02 % 

NRMSE 12.31 % 9.92 % 13.02 % 21.63 % 14.45 % 22.82 % 

SD 0.01 18.00 31.05 0.01 11.36 19.37 

   

 Microstructural properties prediction comparison shows that the model trained using CNN is 

better for all the error measures. The CNN model can be used in real-time using the sensor data to 

predict the printed part microstructural properties. It serves as an in situ quality monitoring 

framework saving post-processing characterization cost. Most of the final printed parts are tested 

destructively for quality check. This results in high manufacturing costs, low volume of 

production, and time-consuming. The CNN S-M model presented in Figure 4.3 enables online 

estimation of microstructural properties. The trained microstructural CNN model can directly input 

real-time monitoring data with minimal processing to estimate the build microstructural properties, 

whereas the GPR regression model usually needs additional preprocessing such as image feature 

detection and extraction processes. The CNN learns intricate molten pool dimensional features 

directly from image data, apart from the MP width and length used as input to the GPR model. 

Thus, the convolutional network's capability to automatically map input image features to the 

output microstructural properties prediction is advantageous. The developed CNN model provides 
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a quantitative prediction framework for the build quality of the WLAM process. The overall RE 

performance accuracy for the microstructural properties prediction is less than 7%. 

4.4.3 Property variations against molten pool shape and temperature 

 The WLAM is a high-dimensional complex process involving many interrelated parameters. 

Understanding the process parameters and their impact on the molten pool properties is paramount 

for determining the post-processing property characterization [28, 29]. The utilization of controlled 

process parameters leads to a stable molten pool behavior by keeping the thermal history, residual 

stress, and energy input constant. Thus, controlling the process parameters for the WLAM system 

based upon the molten pool behavior will allow for monitoring the characterization parameters.  

 Figure 4.6 shows the effect of change in the process parameters on the molten pool behavior, 

i.e., molten pool image and temperature measurement in the steady-state region. Figure 4.6(a) 

presented the effect of an increase in LP that causes the MP to grow and temperature to increase. 

As seen from Figure 4.6(b), the change in TS shows that the MP shrink and temperature decreases 

as TS goes up. Figure 4.6(c) describes the change in MP behavior based upon the change in WFR. 

The varying sensing data generated for the process parameters listed in Table 4.1 can directly be 

correlated to the molten pool characteristics for building a quality estimation and monitoring 

framework. 

4.4.4 Influence of temperature on the multi-modality CNN model's performance 

 Raghavan et al. [61] developed a heat transfer and fluid flow model for the laser DED process 

to examine how changes in processing parameters affect the relationships between molten pool 

surface, thermal cycles, and solidification parameters in Ti-6Al-4V. Molten pool surface area is 

found to be a poor indicator of cooling rate at different locations in the molten pool. Therefore, it 

cannot be relied upon to achieve targeted part quality control. It is shown that monitoring or 

controlling only the molten pool surface area can be insufficient for achieving targeted 

microstructures and mechanical properties. The printed part's mechanical property and defect 

population are sensitive to the molten pool's thermal history, which is incorporated into the model 

using the multi-modality function. 

  



  

 60 

 

 

Figure 4.6 Illustration of samples for stable molten pool image and the corresponding molten 

pool temperature data for change in (a) Laser power at a fixed travel speed of 5 mm/s and wire 

feed rate of 40 mm/s, (b) Travel speed at a fixed laser power of 4500 W and wire feed rate of 40 

mm/s, (c) Wire feed rate at a fixed laser power of 4500 W and travel speed of 5 mm/s. 
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 As seen from the Pearson correlation presented in Table 4.3, both molten pool and leading 

edge temperature are highly correlated with the characterization data compared to the trailing edge 

temperature measured behind the molten pool. Figure 4.7 verifies that the overall performance of 

the m-CNN S-M model using molten pool image (I) and MP temperature data generally 

outperforms the models with the other two temperatures in terms of error metrics used for 

evaluation. The RMSE and NRMSE for all the characterization properties using image and MP 

temperature are the lowest with lower SD, showing a reliable model architecture. The molten pool 

temperature at the center near the laser heating location is a more representative temperature 

feature for the molten pool during printing, providing more helpful information for S-M modeling. 

  

Figure 4.7 RMSE, NRMSE, and SD comparison for m-CNN microstructural models with 

different temperature measurements as input along with image data. 

 

4.5 Conclusion 

 In this paper, we presented a multi-modality CNN-based sensing-microstructure model to 

establish the correlation of the molten pool image and temperature data to the printed bead quality. 

Experimental sensing data is collected on a WLAM system under set controlled process parameters 

for single-bead deposition. Post-processing analysis is performed on the deposited bead for 

obtaining characterization properties. The microstructural properties used in this study are alpha 
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lath thickness, beta grain length parallel to the build, and beta grain length perpendicular to the 

build. Feature analysis is performed on the sensing and characterization data to remove redundant 

and noisy information. It is found that the molten pool image, MP, and LE temperature are highly 

correlated with characterization properties. The developed model is trained to collaboratively 

predict the microstructural properties. The performance of the CNN model is compared with the 

GPR model used as the baseline. It is seen that the prediction performance of the CNN model is 

overall better than the regression model. The microstructural model's RE is 1.15 % for alpha lath 

thickness, 5.84 % for beta grain length parallel to the build, and 3.73 % for beta grain length 

perpendicular to the build. The developed model allows for real-time prediction of microstructural 

properties of the final build directly from the real-time sensor data. The S-M model can be used as 

an in situ quality assurance and control framework for monitoring and controlling the final print 

quality in real-time. 
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CHAPTER 5 

IN-PROCESS COMPREHENSIVE PREDICTION OF BEAD GEOMETRY FOR LASER 

WIRE-FEED DED SYSTEM USING MOLTEN POOL SENSING DATA AND MULTI-

MODALITY CNN  

Reproduced from a paper draft, to be submitted, Noopur Jamnikar3, Sen Liu3, Craig Brice3, 

Xiaoli Zhang3 

5.1 Abstract 

 For wire-feed laser additive manufacturing (WLAM), the build geometrical parameters are one 

of the indicators of build quality; thus, it is crucial to monitor the geometrical parameters in real-

time for quality assurance. However, the current research and development for in situ geometry 

monitoring are in the early phase due to interweaved correlation of the sensing data and their 

comprehensive effects on the bead geometry, as well as the high characterization cost to model 

these effects. This paper focuses on using machine learning techniques to enable in-process 

geometry monitoring by comprehensively modeling the correlation between the real-time molten 

pool sensing data and bead geometry properties. A deep learning-based multi-modality 

convolutional neural network (m-CNN) is trained to take the molten pool image and thermal 

profile as the input to comprehensively estimate the geometric properties of the build bead. The 

network is configured by the hyperparameters optimization process and experimentally validated 

by the real-time molten pool sensing data collected on a wire-feed laser AM system. The effect of 

using the temperature data from the leading, center, and tailing positions of the molten pool on the 

prediction performance of the CNN model is studied and analyzed. The CNN model's performance 

is compared with a support vector regression model for comparison. The developed model 

represents an in-process monitoring framework for real-time estimation of post-processing bead 
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geometric properties and takes a step towards developing in situ quality control strategy for the 

metal AM system.  

Keywords – Wire-feed laser additive manufacturing (WLAM), convolutional neural network 

(CNN), molten pool, property, quality control. 

5.2 Introduction   

 The metal additive manufacturing (AM) industry is an evolving technology for metal builds 

such as machinery, aerospace, and medical parts. Metal AM is advantageous in terms of 

manufacturing complex build parts with intricate geometrical design, reduced weight and material 

waste, and increased production volume [1]. Due to these advantages, AM is revolutionizing the 

biomedical, aerospace, and automation industry [2, 3]. Metal AM can be achieved using powder 

bed fusion, directed energy deposition (DED), and sheet lamination. Variations of the DED system 

include different energy sources, deposition material, and its forms, such as alloy powder and wire 

[4, 5]. This paper focuses on a directed energy deposition process for Ti-6Al-4V material. A laser 

power source with Ti-6Al-4V heated wire feedstock material is concentrated on the substrate to 

melt the wire. The development goal in AM industry is in situ quality control of printed parts 

without defects and favorable building geometry accuracy. Deviations in the build geometric 

parameters can cause defects in the final deposition quality. The induced manufacturing defects 

are detrimental to the overall build quality. 

 The uncontrolled printed bead's geometry dimension and accuracy can cause the part's 

accumulative residual stress, part distortion, and further magnifies as cracks and porosity defects 

during AM process. In situ quality control has drawn much attention to avoid manufacturing 

defects and improve part quality. Work has been done to improve geometry quality by monitoring 

the molten pool sensing data, and research is still ongoing in this field. Song et al. [6] developed a 

two-input single-output hybrid control system to control height growth and molten pool 

temperature at each deposition layer.  Suh et al. [7] developed a proportional-integral-derivative 

(PID) and fuzzy logic-based model to control the height of deposit using the measured information 

from an in-process monitoring camera that is dominated by the changes of laser power. Fox et al. 

[8] developed a control architecture for temperature and built height using a pyrometer and camera. 

Laser power and stand-off distance were used as process control parameters, and the results were 
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analyzed by comparing the build performance with and without control. Fathi et al. [9] developed 

a feedforward clad height controller for the laser solid freeform fabrication process, and the results 

were evaluated experimentally. Cao et al. [10] designed a multi-variable control model for 

controlling the layer height and molten pool temperature using laser power and scanning speed.   

 The literature is focused on controlling the molten pool geometry using the process parameters 

and the feedback image or temperature data as input. The current control architectures work with 

the assumption that keeping the molten pool steady will result in stable bead geometry. The indirect 

control techniques achieve bead geometry control by controlling the molten pool properties. The 

control methodology provides a stable molten pool geometry but does not estimate the actual bead 

geometry as there is no molten pool condition-bead geometry model. Considering the complexity 

of the laser wire-feed AM process, it would be ideal for achieving direct in situ bead geometry 

control using the molten pool sensing data. If the fluctuations in bead geometry can be monitored 

in real-time, it would be more conducive to control the overall bead quality. Thus, in-process 

geometry monitoring is crucial for efficient and good in situ quality assurance.  

 Bead geometry modeling and prediction has been mainly performed with thermal history, 

energy input conversion, or experimental data using empirical techniques. Some researchers have 

performed the printed bead geometric properties estimation using numerical, analytical, and finite 

element modeling (FEM) in the past few years [11, 12]. However, there are two major limitations 

of these traditional methods. Application of the developed simulation model to real-time sensing 

might not concur with the final bead geometry prediction. The reason being the actual process 

deviates, and sensing data are noisy and have measurement uncertainties. Usage of actual system 

data as input to the simulation model will result in uncertainty or inaccuracy in final properties 

prediction. The second limitation is the high computation cost of traditional methods limits its real-

time prediction capability. 

 Machine learning (ML) techniques such as deep neural networks, multilayer perceptron, 

regression modeling are recently adopted in the AM field for monitoring and control. 

Convolutional neural networks (CNN) have proven effective for using molten pool image data for 

meaningful feature information extraction and processing for bead geometry dimension modeling 

and prediction. For example, Baturynska et al. [13] compared the linear and non-linear regression 

model's performance for predicting the build's length, width, and thickness. The input to the model 
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includes part orientation, STL properties, and part placement. Xiong et al. [14] presented a passive 

two camera vision system for real-time prediction of bead height and width. Image processing and 

filtering techniques were applied to the camera images, and the experiments were performed to 

validate the method for the gas metal arc welding (GMAW) setup. Lu et al. [15] predicted the 

reinforcement and penetration depth of the weld by using image data and optimized Resnet34 as 

the network structure. Goncalves et al. [16] developed six different CNN architectures to analyze 

the molten pool images to yield the prediction of clad bead height and width. Wang et al. [17] 

presented a welding case study to predict the backside bead width using the images through a CNN 

and recurrent neural network (RNN). Xiong et al. [18] developed a multilayer neural network (NN) 

and second-order regression model to predict the bead height and width using process parameters 

(PP) as input for the GMAW system. In comparison, Wang et al. [19] developed a regression 

model for predicting the bead height, width, and depth by using process parameters as input. 

Current work for geometric parameters prediction involves the ML approach to use single sensing 

data or process parameters for properties prediction.  

 One key for training a good ML model is the quality and size of the training dataset. However, 

conducting the printing work as well as the measurement of post-processing characterization data 

is costly and time-consuming. It requires sophisticated high-end complex machinery with tedious 

and manual labor to measure the deposited build geometric and microstructural properties. In 

addition to this, the bead geometry measurement requires destructive analysis involving the cross-

sectioning of the printed measurement. Because of this limitation, the current ML-based geometry 

estimation models were mainly developed with simplification. The modeling and control 

architectures for bead geometry property are mainly based on a single-input system. The process 

is simplified with a single sensing parameter and is focused on the limited number of geometry 

properties such as bead height, width, and/or penetration depth. The build geometry width and 

height estimation are relatively easy which can be measured without bead incision. The cost of 

bead fusion zone depth and area measurement is relatively high due to sample preparation and 

characterization. Because of these simplifications, current ML-based geometry estimation cannot 

provide comprehensive geometry monitoring. Table 5.1 summarizes the literature for build 

geometry parameter estimation reviewed in AM domain. 
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Table 5.1 Overview of machine learning-based techniques for build geometry estimation. 

Reference 
Modeling 

technique 

Input Output Performance 

metric Image Temp PP H W D A 

Xiong et al. 

[14] 

Hough 

transformation 

algorithm 

       

Relative error, 

measured vs. 

predicted plot 

Lu et al. 

[15] 
CNN        

Mean absolute 

error and relative 

error 

Goncalves 

et al. [16] 
CNN        

R2, mean and 

standard deviation 

Wang et al. 

[17] 

CNN and 

RNN 
       

Validation loss, 

measured vs. 

predicted plot 

Xiong et al. 

[18] 

Regression 

and multilayer 

NN 

       
Relative error, and 

standard deviation 

Wang et al. 

[19] 
Regression         R2, Relative error 

Current 

work 

CNN and 

regression 
       

Root mean square 

error, relative 

error, normalized 

RMSE, and 

standard 

deviation 

 

 To solve these issues, we developed a multi-modality model for the comprehensive prediction 

of four geometric parameters: bead height (H), bead width (W), fusion zone depth (D), and fusion 

zone area (A). The contributions for the current work are: (1) Experimental data is collected for 

different settings of process parameters on a wire-feed laser additive manufacturing system for 

single bead deposition. (2) Post-process characterization is performed on the deposited bead for 

geometric properties measurement. (3) Multi-modality CNN model is designed to predict the bead 

geometric characteristics using the input features extracted from real-time molten pool image and 

temperature data spectrum. (4) Analysis is performed to characterize the effect of different thermal 

profiles on the prediction performance of the CNN model. (4) The optimized CNN model is 

compared and analyzed for performance accuracy with traditional SVR regression modeling with 

cross-validation technique.   
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5.3 Experiment and instrumentation 

5.3.1 Sensor integration and DAQ setup for WLAM system  

 The WLAM DED system was developed at Oak Ridge National Laboratory in Knoxville, 

Tennessee. A 6kW laser is delivered to the end effector of the robot arm in the presence of argon-

filled environment. The feedstock is 1.5875 mm Ti-6Al-4V welding wire per AMS 4954K 

specification. The laser WLAM DED robot setup, along with the mounted sensors, is shown in 

Figure 5.1. The sensors were selected to capture as much data as possible from the process during 

operation. There were five categories of data that were collected: visual, thermal, positional, 

chemical, and acoustic. Two Prosilica GT1930C cameras were mounted to the robot head, one 

directly coaxial with the process and the other at a 90 degree oblique angle to the primary direction 

of travel. The camera is connected using an Ethernet interface, recording 1936 × 1216 pixels 

images at 25 frames per second (fps) using the NI PXIe-8234 vision module. The main issue in 

the laser-based AM process is that the image contrast for the molten pool is too bright to capture 

the surface morphology directly. Hence, bandpass filters are mounted in front of the camera to 

reduce the intensity. There are three pyrometers with a temperature range of 50-400˚C, 200-

1500˚C, and 1000-2000˚C to measure the leading (Optris CTlaser 3M), trailing (Optris CT XL 

3M), and molten pool (Optris CTlaser 05M) temperatures, respectively. The pyrometers are 

calibrated for emissivity using a heated plate and physical contact measurements with 

thermocouples. Note that the molten pool pyrometer could not be easily calibrated using a similar 

method, so the presented data are considered relative and not absolute. The leading and trailing 

edge pyrometers are pointed approximately 25 mm in front of and behind the molten pool. 

Temperature data is collected at 100 Hz using NI PXIe-4302 analog input module. An acoustic 

sensor is mounted on the laser head operating a frequency of 1 kHz to capture variations during 

the build. Analysis of the sensor signals relative to the process during stable and unstable operation 

will determine how each sensor can be used in the control logic. The National Instrument (NI) 

industrial controller NI PXIe-8880, the vision development module, and the analog/digital I/O 

module monitor and control the laser DED system. This paper focuses on analyzing the in situ 

sensing data from the coaxial camera and three pyrometers. 
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Figure 5.1 Integrated laser hot wire-feed DED system. 

 

5.3.2 Data preparation and processing conditions  

 In this study, thirteen experiments were conducted for different values of process parameters, 

i.e., laser power (LP), travel speed (TS), wire feed rate (WFR), and hot wire power (HWP) for a 

100 mm single bead deposition. Table 5.2 shows the combination of process parameters used for 

data collection of WLAM printing and the corresponding geometric properties. The collected 

characterization data for single bead deposition include four geometric parameters.  The measured 

geometric properties are bead height (H), bead width (W), fusion zone depth (D), and fusion zone 

area (A). The process parameters vary in the range of 4000-6000 W, 3.5-10 mm/s, and 40-71.3 

mm/s for laser power, travel speed, and wire feed rate, respectively. The molten pool dynamics 

during materials deposition consist of both the steady and transient states. The pixel range for the 

image data from the coaxial camera is enormous, and it covers a vast portion of the unwanted 

region. The molten pool image is preprocessed with a selected region of interest (ROI) and cropped 

to reduce the image size without missing any information and keep the data within the hardware 

processing capability. Hence, the coaxial camera images are cropped to 481 × 566 to be processed 

and trained in MATLAB. The dataset consists of 6500 images from 13 builds, containing 500 
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stable-state molten pool images from the coaxial camera and temperature data from each build. 

From the 13 build dataset, 11 builds are used for training the network, one build for the testing, 

while the remaining one build is used for validation.  

 

Table 5.2 Process parameter setting for the collected sensing data and geometric properties. 

Experiment 

# 

Process parameters Geometric properties 

Laser 

power 

(W) 

Travel 

speed  

(mm/s) 

Wire 

feed rate 

(mm/s) 

Hot wire 

power 

 (W) 

H 

(mm) 

W 

(mm) 

D 

(mm) 

A 

(mm2) 

1 6000 6.6 60 300 3.46 11.15 2.05 37.02 

2 6000 5 60.1 300 3.81 11.59 2.16 42.30 

3 6000 3.5 71.3 400 4.57 11.83 2.30 51.16 

4 6000 3.5 50.1 200 3.72 12.06 2.20 43.22 

5 4500 5 48.4 300 4.07 9.68 1.92 38.25 

6 4500 10 50.8 300 2.93 8.37 1.51 24.43 

7 4500 5 43 300 3.84 9.71 1.89 36.45 

8 4500 5 40 300 3.71 9.72 1.87 35.45 

9 5000 5 40 300 3.50 10.53 1.96 35.81 

10 4000 5 40 300 3.88 8.83 1.75 34.64 

11 4500 6.5 40 300 3.36 9.35 1.76 31.41 

12 4500 3.5 40 300 4.04 10.07 1.97 39.34 

 

 The bead geometry of the printed single bead depositions from the WLAM setup is quantified. 

The bead characterization process used in this study involves no heat treatment on the printed 

samples. The printed bead is incised to identify the geometrical properties of the bead by cross-

sectioning it. These specimens were first polished with SiC papers on a Struers LaboForce 100 

machine. The bead geometrical properties calculation such as bead height, bead width, fusion zone 

depth, and the area is performed on the Keyence VHX-5000 optical microscope. The dimensional 
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and geometric information for a single bead deposition from a cross-section is exhibited in Figure 

5.2.   

 

Figure 5.2 The experiments data collection from (a) WLAM system operating under a set of 

controlled process parameters, (b) Printed bead for different settings of process parameters, (c) 

Characterization analysis for bead geometry measurement. 

 

5.3.3 Thermal data selection strategy  

 By increasing the number of features, feature engineering increases the problem's 

dimensionality, leading to the "curse of dimensionality" [20, 21]. It is recommended to analyze the 
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insignificant thermal data obtained from experiments to reduce the network's complexity during 

the training process. The real-time sensing data is noisy or has disturbances caused by the 

environmental and sensing system. Hence, thermal feature selection is crucial for identifying the 

most relevant features responsible for mapping the input data to the output geometric properties. 

Feature selection also helps in improving the CNN model's performance by analyzing the 

relationship between thermal data and geometric properties. Features correlation and redundancy 

were evaluated using Pearson correlation [22]. The Scikit-learn python implementation of these 

algorithms was used [23]. Correspondingly, Pearson correlation between feature pairs 𝑟𝑥𝑖𝑗or 

feature and property 𝑟𝑥𝑦 uses the standard definition, 

    𝑟𝑥𝑦 = ∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)𝑛𝑖=1√∑ (𝑥𝑖−�̅�)2 𝑛𝑖=1 √∑ (𝑦𝑖−�̅�)2𝑛𝑖=1  (5.1) 

Where, n is the sample size, 𝑥𝑖 and 𝑦𝑖 are the individual sample points, and  �̅� and  �̅� are the sample 

means. 

5.3.4 Modeling methodology  

5.3.4.1 Convolutional neural network  

 Figure 5.3 shows the Sensing-Geometry (S-G) CNN model with molten pool sensing data from 

the pyrometers and camera as inputs and outputs the corresponding build geometric properties 

based upon the sensor data. In situ sensing data is collected from a WLAM system installed with 

sensors to record the molten pool evolution during printing. Next, the sensing image data collected 

during the 13 builds is synchronized with the corresponding molten pool temperature data points, 

as shown in the input block (Figure 5.3). The effects of molten pool features on quality 

characteristics and their correlations are analyzed. CNN architecture performs automatic feature 

extraction via convolution and pooling layers to obtain the most meaningful features from the 

molten pool image data. The fully connected layer takes extracted image features in conjunction 

with the molten pool temperature for geometric property estimation. The network is trained on the 

steady-state molten pool sensing data for estimating the geometry parameters. The trained S-G 

network can then predict the quality properties directly from unseen real-time sensing data 

collected during the build.  
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Figure 5.3 Sensing-geometry relations modeling using m-CNN for geometric parameter 

prediction using molten pool images and temperature data. 

 

 CNN is advantageous in terms of multi-dimensional image data, learning intricate details and 

features from the input responsible for output tasks, either classification or regression problems 

[24-27]. CNN architecture is composed of different layers such as convolution layer (Conv), 

normalization layer (BN), activation layer, pooling layer, fully connected layer, etc., for output 

properties classification or prediction. The image data is first processed using a filter generally 

known as the kernel. The convolutional layer is employed for feature extraction using the user-

specified filter and stride value. The kernels are weights that are updated continuously as the 

network learning process progresses. The generated feature map is represented in Eq. (5.2) as, 

    𝐹(𝑖, 𝑗, 𝑘) = ∑ ∑ ∑ 𝐸𝐿−1𝑙=0𝑁−1𝑛=0𝑀−1𝑚=0 (𝑖 + 𝑚, 𝑗 + 𝑛, 𝑙)𝐾𝑘(𝑚. 𝑛, 𝑙) + 𝑏𝑘 (5.2) 

Where, 𝐸 is the extracted features from the previous layer, 𝐾𝑘 is the applied filter, 𝑏𝑘 is the bias, 

(M, N, L) is the size of the filter, and L is the 3rd dimension of the previous feature map layer. 

 The output feature map is the response of the input image data to the features specified by the 

kernel. The addition of a more convolutional layer along the hierarchy results in the identification 

of detailed abstract features responsible for output prediction. A normalization layer is applied to 

deal with non-uniform scaling and the image data and covariant shift in the layers. The addition of 

a normalization layer is also shown to speed up the training process [28] and reduce the problem 

of network malfunction caused by learning rate and overfitting issues. The most common 
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activation function used are sigmoid, hyperbolic tangent, ReLU, clipped ReLU, etc. In the current 

work, a clipped ReLU activation function is used to introduce non-linearity. Finally, a pooling 

layer reduces the dimensionality added by the different layers and makes the generated feature 

map less insensitive to feature location by introducing local invariance. The pooling layer 

downsamples the data to decrease the computational volume of data and improve the robustness 

of the algorithms.  The standard pooling layers used are max pooling, global and average pooling 

based upon the application at hand. The output from the last pooling layer is a feature vector used 

as input to the first fully connected layer. The output from the fully connected layer is passed to a 

fully connected network for final data prediction. The activation function, pooling layer type, and 

the number of layers in CNN are user-defined parameters selected based upon the best networks 

performance. 

 The layers are connected in a user-defined manner to suit the specific application and dataset. 

The designed and optimized network is trained using the gradient descent method used by back-

propagation. The hyperparameters used to train the architecture are adjusted as the training 

progresses to accurately predict the output class or quantitative values. The network's objective is 

to minimize the mean square error, which is training loss, as specified in Eq. (5.3),  

    𝐿𝑜𝑠𝑠𝑀𝑆𝐸 = ∑ 𝑙(𝑦𝑛, �̂�𝑛)/𝑁𝑁1  (5.3) 

Where, 𝑙 is the loss function, 𝑦𝑛 is the target value, �̂�𝑛 is the predicted value, and N is the size of 

the training data. 

5.3.4.2 Support vector regression  

 Another widely adopted ML technique for modeling complex data is the regression approach. 

Regression modeling is a predictive technique for mapping the relationship between the input 

independent data and output dependent target [29]. The most common regression methods are 

linear, polynomial, logistic, support vector, Gaussian process regression. Support vector regression 

is a popular supervised machine learning analyzing data for classification and regression tasks 

[30]. 

 SVR works by minimizing the generalized error bound instead of minimizing the observed 

training error to achieve generalized performance. The generalization error bound is the 

combination of the training error and a regularization term that controls the hypothesis space's 
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complexity. The goal is to search for a function that predicts the output based upon the prediction 

error between the actual and predicted value [31]. The kernel function is used to fit the input 

features, while the cost function works by searching the optimal weight parameters to minimize 

the total accumulated error. With no prior knowledge about the complex relationship between the 

molten pool data and geometric properties, a non-linear SVR with a linear kernel function is used 

for mapping the input to the output. MATLAB version 2020b is used to implement CNN and SVR 

models.  

5.3.5 Performance evaluation metric 

 The accurate prediction of geometric properties requires the network to be optimized in terms 

of structure, input, output, and generalization capability. However, the addition of more layers into 

the CNN does not always result in features of high quality. The reason being the models degenerate 

as the network structure deepens or the gradient shoots or dissipate. The training of the CNN 

updates the network's weight as the gradient is calculated using back-propagation. Poorly 

structured CNN architecture results in the gradient to vanish or shoot, causing the model to have 

lower accuracy and a slower learning rate. Thus, the CNN structure is optimized in terms of layer 

architecture and hyperparameters to suit the training dataset for the input-output combination. The 

m-CNN using the image and thermal profile as input is trained to predict the build geometric 

properties of the single bead deposition.  

 The designed CNN architecture may return higher accuracy under specific training and testing 

dataset. However, the performance can deteriorate for the test samples if the training dataset does 

not capture the system dynamics. Cross-validation is a popular technique to deal with performance 

accuracy resulting in uneven dataset distribution for the training and testing data. The current work 

uses 6-fold cross-validation, where the overall 12 build dataset is divided into six parts, with five 

parts used for training and the remaining 1 part for testing. The process is repeated six times so 

that each section is used for testing once. The generalization capability of the model is evaluated 

using 6-fold cross-validation. A total of 5500 image and temperature data from 11 builds are used 

for training the network and tested on the 500 unseen samples from one build.    

 The prediction performance is compared using the following evaluation metrics: root mean 

square error (RMSE), and relative percentage error (RE) between the actual and predicted 

properties, given in Eqs. (5.4, 5.5) respectively. 𝑦𝑖 is the measured, and 𝑦𝑖′ is the model predicted 
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properties. Normalized RMSE (NRME) is another error evaluation metric generally used for 

comparison between properties with different scaling, as given in Eq. (5.6). The RMSE is 

normalized to 1.6483 mm for bead height, 3.6976 mm for bead width, 0.7970 mm for fusion zone 

depth, and 26.7311 mm2 for fusion zone area. Standard deviation (SD) for the 6-fold cross-

validation is also evaluated for comparison. 

    𝑅𝑀𝑆𝐸 = √1𝑛 ∑ (𝑦𝑖′ − 𝑦𝑖)2𝑛𝑖=1  (5.4) 

 

    𝑅𝐸 = 1𝑛 ∑ |𝑦𝑖′−𝑦𝑖𝑦𝑖 |𝑛𝑖=1 × 100% (5.5) 

 

    𝑁𝑅𝑀𝑆𝐸 = 𝑅𝑀𝑆𝐸(𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛) × 100% (5.6) 

   

 The m-CNN for geometric properties prediction is trained using mean square error as the loss 

function between the actual and predicted geometric properties. The quantitative metric for 

validating the testing performance is the prediction accuracy comparison for the trained network. 

Another evaluation criterion is the convergence achieved by the gradient of the loss function. The 

network's weight is altered to minimize the loss function by lowering the mean square error. The 

hyperparameters of the architecture affecting the convergence and back-propagation are the 

momentum, epoch, batch size, learning rate, and velocity. Table 5.3 shows the values for optimized 

hyperparameters used for training the geometric CNN model. 

 

Table 5.3 Optimized hyperparameter values for CNN-based S-G model architecture. 

Hyper-parameter 
m-CNN  

S-G model 

Learning rate 10-5 

Momentum 0.9 

Epoch 10 

Batch size 10 
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5.4 Results 

5.4.1 Feature extraction and selection  

 Feature analysis is crucial to determine the relevant sensing data to efficiently train the network 

for geometric properties prediction. The real-time sensing data used for Pearson correlation is MP 

dimensional parameters, i.e., width and length, and three temperature measurements. The MP 

dimensional information is extracted from the video by performing image by image analysis for 

the SVR model. The flowchart for the width and length measurement is presented in Figure 5.4(a). 

The images from the camera are accessed frame by frame to extract the red plane as a reference. 

The extracted red image plane is applied with thresholding for removing noisy data. After 

thresholding, the next step is edge detection, which is based upon the threshold applied and filter 

for detecting the edges. There are five basic types of filters, i.e., Robert Prewitt, Sobel, 

differentiation, each suitable for a specific application [32]. Robert filter was applied to get the 

most accurate representation of the molten pool. Once the edges are extracted, we then define the 

region of interest for width and length measurement. Figure 5.4(b) shows the extracted width and 

length plot in mm for one single bead deposition experiment. The extracted width and length are 

used along with the MP temperature to predict the characterization data using the SVR model used 

as a baseline.  

 
Figure 5.4 Image processing for molten pool dimension extraction (a) Flowchart for dimension 

measurement (b) Molten pool width and length plot for single bead deposition. 
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 Molten pool dimensional parameters are extracted from the image data as described above. 

The thermal data include leading edge (LE), molten pool (MP), and trailing edge (TE) temperature. 

The final geometric properties for correlation analysis are bead height, bead width, fusion zone 

depth, fusion zone area. Table 5.4 represents the Pearson correlation matrix between the sensing 

data and geometric properties. As seen from the correlation matrix, both MP and LE temperature 

are highly correlated with the geometric properties. The Pearson correlation analysis identifies 

only the linear relationship between the sensing data and the characterization properties. Based on 

our previous work [33], MP temperature is shown to improve performance accuracy compared to 

the LE temperature, probably due to its non-linear relationship with the process parameters and 

quality properties not recognized by the Pearson correlation. Hence, for the CNN architecture 

design, MP temperature is used in conjunction with MP image data for geometric quality properties 

prediction. The CNN directly uses camera images as input to the network with minimal data 

preprocessing. For the regression modeling, MP width and length extracted from the image data 

are used to input the model along with the MP temperature. The output properties for model 

prediction are the four geometric bead parameters.  

 

Table 5.4 Pearson correlation matrix between the sensing data and characterization parameters. 

Variable 

Sensing data Geometric properties 

MP 

width 

(mm) 

MP 

length 

(mm) 

MP  

temp 

(˚C) 

TE 

temp 

(˚C) 

LE 

temp 

(˚C) 

H  

(mm) 

W  

(mm) 

D  

(mm) 

A  

(mm2) 

MP width (mm) 1 0.98 0.88 0.25 0.94 0.24 0.90 0.81 0.69 

MP length (mm) 0.98 1 0.90 0.29 0.91 0.16 0.89 0.78 0.63 

MP temp (˚C) 0.88 0.90 1 0.40 0.76 0.08 0.85 0.73 0.55 

TE temp (˚C) 0.25 0.29 0.40 1 0.16 -0.13 0.42 0.32 0.14 

LE temp (˚C) 0.94 0.91 0.76 0.16 1 0.20 0.83 0.73 0.63 

H (mm) 0.24 0.16 0.08 -0.13 0.20 1 0.39 0.64 0.84 

W (mm) 0.90 0.89 0.85 0.42 0.83 0.39 1 0.95 0.82 

D (mm) 0.81 0.78 0.73 0.32 0.73 0.64 0.95 1 0.95 
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Table 5.4 Continued 

A (mm2) 0.69 0.63 0.55 0.14 0.63 0.84 0.82 0.95 1 

 

5.4.2 Accuracy of CNN model and comparison with regression modeling  

 The m-CNN architecture for predicting the geometric parameters with the best accuracy using 

the image and MP temperature data consists of a total of 24 layers, where the first 21 layers are 

used for image feature extraction. The remaining three layers are for predicting the final geometric 

properties along with the temperature data feature.  The network uses batch normalization, clipped 

ReLU activation function, and a dropout of 50%. The m-CNN consists of four convolution layers 

interlaced with two global average pooling layers. Following the second global average pooling, 

the resulting output is unrolled into a vector and feed into a fully connected layer of dimension 

100, which is reduced to a size of 3 before concatenating with the temperature feature. The final 

layer consists of 4 nodes, based upon the four geometric parameters' prediction. Figure 5.5 

represents the CNN architecture, where the image features are extracted and concatenated with the 

temperature data for geometric properties prediction. The S-G model is trained for an epoch of 10 

using 5500 training samples, and 500 unseen test samples of image and temperature data collected 

during 13 build for the molten pool condition. The m-CNN based S-G model uses 6-fold cross-

validation, and the results discussed below are for the average error of the 6-fold cross-validation 

unseen test dataset.   

 The m-CNN's model performance is compared to a regression modeling technique used as the 

baseline. Figure 5.6 represents the regression modeling framework for build geometric properties 

prediction. Firstly, the molten pool dimensional information: width and length, is extracted from 

the MP image as described in Section 5.4.1. Then, the extracted dimensional information is used 

in conjunction with the temperature data as input to the support vector regression model. The 

output for the regression model is the same as the four build geometric properties used for CNN 

modeling. Note that the CNN structure and the regression models are optimized to compare their 

best performance outcomes. 
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Figure 5.5 Multi-modality convolutional neural network architecture for geometric properties 

prediction using molten pool images and temperature data. 

   

 

Figure 5.6 Sensing-geometry regression model for geometry properties prediction using molten 

pool dimensional information and MP temperature data. 
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 This section analyses the effect of features extracted from the image data by CNN vs. the 

traditional feature extraction method. Table 5.5 shows the performance prediction comparison 

between the CNN and regression modeling technique. For the m-CNN model, the RE is relatively 

higher for bead's geometric shape height and fusion zone area; this is caused by their lower 

correlations with regard to the MP geometric and thermal profiles, as indicated by Table 5.4.  

 The bead width error is lower for the regression model since molten pool width is used as 

model input, which is strongly correlated to the printed bead width. The prediction error of fusion 

zone depth is lower for the regression model. It may result from a relatively stronger coupling 

effect of fusion zone depth with the molten pool surface length and width than bead height and 

fusion zone area. Prediction error for fusion zone area is lower for the CNN model as the molten 

pool image data provide more information than just molten pool width and length for area 

prediction. The SD for all the geometrical parameter predictions is lower for the CNN model 

showing that the prediction is clustered around the mean, making the model reliable. Geometric 

properties prediction shows that the performance of the CNN model is overall better than the 

regression model. Automatically extracted features from CNN provide a more accurate 

representation of the geometric properties.  

 

Table 5.5 Comparison between m-CNN and regression model for predicting the geometry 

properties using RMSE, RE, NRMSE, and SD. 

Error metric 

Data-driven model 

CNN-based S-G model Regression-based S-G model 

H 

(mm) 

W 

(mm) 

D 

(mm) 

A 

(mm2) 

H 

(mm) 

W 

(mm) 

D 

(mm) 

A 

(mm2) 

RMSE 0.30 0.50 0.09 3.39 0.36 0.35 0.06 7.94 

RE 8.04 % 4.53 % 4.14 % 8.74 % 8.73 % 3.49 % 3.28 % 18.72 % 

NRMSE 18.35 % 13.62 % 10.84 % 12.70 % 21.66 % 9.48 % 7.80 % 29.70 % 

SD 0.11 0.24 0.05 1.90 0.32 0.26 0.06 6.98 
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 With the trained ML models' prediction, the comprehensive geometry prediction framework 

can estimate the bead geometric parameters using the molten pool condition. Figure 5.7 shows the 

CNN models prediction for the 12 build dataset specified in Table 5.2. The four geometric 

parameters are estimated and compared against the measured value for analysis. It can be seen that 

the predictions are reasonably within the 5% and 10% tolerance band (TB), as seen from Figure 

5.7 for all the geometric parameters. The bead height prediction is worse compared to the 

remaining three geometric parameters, which is in accordance with the NRMSE value for the 

results discussed in Table 5.5. The main reason of the worse performance of bead height prediction 

is one data sits outside the tolerance band with a measured value of 2.93 mm and a predicted value 

of 3.74 mm. The corresponding experiment is #6 as indicated in Table 5.2, with a process 

parameters combination LP=4500 W, TS=10 mm/s, WFR= 50.8 mm/s, and HWP=300 W. It has 

a travel speed 10 mm/s that is much higher than and different from other training experiments 

datasets. The considerable error of is likely occurred in process space regions with fewer nearby 

experimental data points.  

 The CNN-based S-G model can be used in real-time for in-process, comprehensive bead 

geometry properties estimation. The model can take in the sensing data from the camera and 

pyrometer to predict the four post-process geometry properties in real-time. The CNN learns 

intricate molten pool dimensional features directly from image data apart from just the MP width 

and length used as input to the SVR model. Thus, the convolutional network's capability to 

automatically map input image features to the output geometric properties prediction is 

advantageous. 
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Figure 5.7 Summary of m-CNN geometric model measured vs. predicted value for bead height, 

bead width, fusion zone depth, and fusion zone area. Uncertainty in prediction is presented using 

a 5% tolerance band (orange) and a 10% tolerance band (yellow) for the measured value. 

 

5.4.3 CNN model validation using experimental data  

 In order to verify the utility of the trained CNN model, the model is validated using one set of 

experimental data. The process parameter combination for validation is LP=4500W, TS=5mm/s, 

WFR=50.8 mm/s, and WFR=300W. The experimental characterization for the four geometric 

parameters is shown in Figure 5.8, along with the deposited bead. The quantitative m-CNN model 

validation results are summarized in Table 5.6. 
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Figure 5.8 The experimental data geometric properties for the process parameter combination (a) 

The single bead deposition (b) The cross-section of the printed bead for geometry parameter 

measurement. 

 

 Table 5.6 shows the combination of process parameters and the corresponding bead height, 

width, fusion zone depth, and area value for the experimental data obtained using characterization. 

The molten pool image and temperature data for the corresponding process parameter are used as 

input to the CNN model for geometric parameter prediction. The predicted geometric parameters 

are in close agreement with the experimental data, considering the corresponding standard 

deviation value. The percentage error in prediction is 14% for bead height, 14% for bead width, 

8% for fusion zone depth, and 9% for fusion zone area. The prediction error is relatable with the 

6-fold cross-validation results detailed in Table 5.5 and the worst performance seen for the bead 

height parameter. Also, the Pearson correlation matrix as specified in Table 5.4 identified the least 

correlation value of 0.24, 0.16, and 0.08 of the bead height with the MP width, length, and 

temperature respectively.   
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Table 5.6 The experimental and CNN model summary for validation of the geometric 

parameters. 

 

Process parameters Geometric properties 

Laser 

power 

(W) 

Travel 

speed 

(mm/s) 

Wire 

feed rate 

(mm/s) 

Hot wire 

power 

(W) 

H 

(mm) 

W 

(mm) 

D 

(mm) 

A 

(mm2) 

Experimental 

data 

(Observed) 

4500 5 50.8 300 3.25 8.41 2.01 32.32 

CNN 

Model 

(Predicted) 

4500 5 50.8 300 
3.72± 

0.008 

9.63± 

0.16 

1.85± 

0.02 

35.37± 

0.59 

  

5.4.4 Property variations against molten pool shape and temperature 

 The effect of change in process parameters on thermal profile governs the final build 

characterization properties [34, 35]. The effect of temperature data is studied by comparing the 

performance prediction of the models with different thermal data as input. For all the models, 

molten pool image data is used as input to the m-CNN model along with three individual 

temperature measurements. Figure 5.9 depicts the performance comparison of the three CNN 

models using RMSE, SD, and NRMSE. The Pearson correlation analysis represented in Section 

5.4.1 identifies the highest correlation of the MP and leading edge temperature with the geometric 

properties. The SD for the model developed using image and MP temperature is lower than models 

implemented using leading and trailing edge temperature. The lower value of SD is preferred in 

terms of model robustness and reliability. This shows that the temperature where the laser meets 

the metal substrate contains relevant information useful for geometric properties prediction, and 

both linear and non-linear correlations between the MP temperature and the bead geometry exist. 

Pearson correlation only shows the linear correlation, which cannot be used as the sole criteria for 

feature selection. In contrast, CNN automatically captures the non-linear correlation, which can 

improve prediction performance.   
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Figure 5.9 RMSE, NRMSE, and SD comparison for m-CNN S-G models with different 

temperature measurements as input along with image data.   

 

5.5 Conclusion 

 The current work presents a multi-modality CNN architecture for establishing the correlation 

of the real-time sensing data to the final bead geometric properties. A sensing and data acquisition 

system is designed for WLAM system for experimental data collection under controlled process 

parameters. The data is collected for single-bead deposition, which is characterized for calculating 

the bead geometric properties. The geometric properties used in this study include bead height, 

bead width, fusion zone depth, and fusion zone area. Molten pool sensing data and geometric 

properties are analyzed using Pearson correlation to identify relevant and meaningful features for 

modeling. Based upon the correlation matrix and domain knowledge, MP image and MP 

temperature are used as input for the CNN modeling. The model is trained to comprehensively 

predict the four build geometric properties, which are indicators for final build quality. The S-G 

model prediction accuracy is 8.04 %, 4.53 %, 4.14 %, and 8.74 % for bead height, bead width, 

fusion zone depth, and fusion zone area. The performance of the m-CNN model is compared with 

a regression modeling approach. The regression model uses the MP dimensional length and width 

features instead of the raw MP image data for geometric properties prediction.  It is observed that 
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the model trained using raw image data provide more information for geometry estimation than 

the MP dimensional features extracted with traditional methods. The trained S-G model allows the 

development of real-time prediction of the bead geometric properties using the sensing data from 

the system. The designed CNN model can be used as an in situ quality control framework for 

monitoring and controlling the bead geometry in real-time.  
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CHAPTER 6 

OPTIMIZATION OF MOLTEN POOL CONDITIONS FOR ACHIEVING THE DESIRED 

BEAD QUALITY USING GENETIC ALGORITHM 

 Chapter 6 focuses on the development of molten pool condition optimization to achieve the 

desired bead quality of the deposition (Grey color module: Optimization using M-Q model from 

Chapter 1, Figure 1.3). The multi-quality optimization experiment demonstrates the generated 

population's feasibility to be used for controlling the bead quality. 

6.1 Introduction 

 The quality of the final manufactured part is directly related to the build geometry and 

microstructural properties.  Few researchers have focused on the simulation and optimization of 

the molten pool (MP) evolution and its behavior [1-3]. King et al. [1] developed a process 

optimization for 316L parts for achieving the desired density property. Data-driven modeling using 

machine learning (ML) has been developed to predict and optimized the process parameters and 

properties of the printed parts [4-8]. Sen et al. [9] presented a process optimization approach in 

which the bead quality properties, i.e., the targeted microhardness and density, were used to find 

the optimal process parameters. Senthilkumar et al. [10] optimized the process parameters for the 

arc welding process using a genetic algorithm and mathematical modeling. Optimization in AM 

field is mainly focused on the process parameter optimization for achieving the desired 

microstructural or geometry properties. This is useful for estimating the process parameters 

responsible for producing AM parts with desired quality properties. However, apart from process 

parameter optimization, it is crucial to optimize the molten pool condition to control the build 

quality in real-time using in situ monitoring framework. 

 Our work focuses on the development of optimization design to estimate the molten pool 

condition to achieve the desired bead quality. Figure 6.1 shows the forward and reverse modeling 

to map the molten pool condition to quality properties and vice versa.  The forward regression 

model is established to relate the real-time sensing data for predicting the quality properties during 

printing as output. The regression model is then incorporated for the reverse optimization approach 
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to optimize the quality properties with desired quality as input and outputs the optimal molten pool 

condition.  

 

Figure 6.1 Mapping between sensing data space and objective quality space. From sensing to 

quality space, it is the quality properties prediction using regression modeling. Inversely, from 

quality space to sensing space, it is multi-properties quality optimization. Given desired quality 

properties, the goal is to find optimal molten pool condition properties using a genetic algorithm. 

 

 The steps involved in the development of the optimization algorithm are as follows: 

1. Experimental sensing data collection for different process parameter combinations.  

2. Characterization of single bead deposition for extracting bead geometry and microstructural 

properties. 

3. Data preparation and finding the levels and limits for molten pool conditions 

4. Development of regression model for bead geometric and microstructural properties (Chapter 

4 and 5). 

5. Optimization of molten pool conditions using the regression model from Step 4. 

 The bead geometry and microstructure can be estimated using real-time sensing data, as 

discussed in Chapters 4 and 5. A molten pool condition-quality (M-Q) model is established to 

predict the characterization properties of the build using the molten pool dimensional information 



  

 98 

 

and thermal data. The trained regression model predicts the output quality properties based upon 

the input molten pool condition data. This regression model can then be used to find the optimal 

sensing data for achieving the desired quality through reverse modeling. A reverse model is 

formulated as an optimization problem where the objective aims to achieve the final build's desired 

quality based upon the system constraints. The optimization algorithm is used to find the desired 

molten pool condition properties to guide the control architecture.  The optimal molten pool data 

will be comprehensively searched in candidate space to guide in situ bead quality control. Desired 

sensing data can then be used as an input to the feedforward and feedback controller to control the 

quality of the printed part in real-time, as discussed in Chapter 1. 

6.2 Dataset and methodology 

6.2.1 Data preparation and build property characterization 

 In this study, thirteen experiments were conducted for different values of process parameters, 

i.e., laser power (LP), travel speed (TS), wire feed rate (WFR), and hot wire power (HWP) for a 

100 mm single bead deposition. The process parameters vary in the range of 4000-6000 W, 3.5-

10 mm/s, and 40-71.3 mm/s for laser power, travel speed, and wire feed rate, respectively.  

 The bead geometry of the printed single bead depositions from the WLAM setup is quantified. 

The collected characterization data for single bead deposition include various geometric 

parameters.  The measured geometric properties used in this study are bead height (H), bead width 

(W), and fusion zone depth (D).  The bead characterization process used in this study involves no 

heat treatment on the printed samples. The printed bead is incised to identify the geometrical 

properties of the bead by cross-sectioning it. These specimens were first polished with SiC papers 

on a Struers LaboForce 100 machine. The bead geometrical properties calculation such as bead 

height, bead width, fusion zone depth, and the area is performed on the Keyence VHX-5000 optical 

microscope. The dimensional and geometric information for a single bead deposition from a cross-

section is exhibited in Figure 6.2.  

 The MP dimensional information is extracted from the deposition video by performing image 

by image analysis for the M-Q regression model [11]. The extracted red image plane is applied 

with thresholding to remove noisy data. After thresholding, the next step is edge detection, which 

is based upon the threshold applied and filter for detecting the edges. Robert filter is applied to get 
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the most accurate representation of the molten pool. Once the edges are extracted, we then define 

the region of interest for MP width and length measurement.  

 

Figure 6.2 Bead geometric parameters measurement as seen from a cross-sectional view. 

 

 The extracted MP width, MP length, MP temperature, and the bead geometric properties are 

normalized using the Max-Min normalization technique. The maximum value is normalized to 1 

and the minimum value to 0. The remaining values are scaled linearly within the 0-1 range. The 

normalized molten pool condition data is used as input to the sensing-geometry (S-G) regression 

model (Chapter 5) to predict the bead characterization data. The trained regression model is used 

for the optimization of build quality properties to output the molten pool condition data. 

6.2.2 Bead deposition quality 

 The overall bead quality is determined by many individual geometric and microstructural 

properties of the build. The microstructural properties analyzed for build quality are alpha lath 

thickness (α), beta grain length parallel to the build (β∥), and beta grain length perpendicular to the 

build (β⊥). The geometric properties considered in this study include bead height (H), bead width 

(W), fusion zone depth (D), and fusion zone area (A).  The goal for achieving the deposition quality 



  

 100 

 

is to produce parts with desired bead dimensions. To meet the above criteria, the optimization 

problem must be composed of both bead height and bead width [10]. 

 Other indicators for build quality are the aspect ratio (AR) and dilution ratio (DR). AR is the 

ratio of bead width to bead height as given in Eq. (6.1).  A significantly lower AR value results in 

higher printed bead height in a round shape, while a high AR generates a flat-shaped bead with 

low deposition efficiency. Dilution ratio is expressed using bead height and fusion zone depth as 

given in Eq. (6.2). A lower value of DR results from lower laser energy input or higher feedstock 

input, causing insufficient fusion zone penetration of substrate and weaker bond layers. On the 

contrary, higher DR indicates lower bead height relative to the fusion zone depth, providing a 

relatively stronger layer bonding force but at the expense of printing efficiency. Thus, the bead 

geometry features, including bead height, width, and fusion zone depth, comprehensively calculate 

the AR and DR, determining the overall build quality and printing efficiency. Optimizing the AR 

and DR will provide insight and identify combinations of molten pool condition data to print beads 

with good quality and avoid failed depositions.  

    𝐴𝑅 = 𝑊𝐻  (6.1) 

    𝐷𝑅 = 𝐷𝐻+𝐷 (6.2)  

6.2.3 Optimization methodology  

 A genetic algorithm (GA) is utilized for solving optimization problems using the principle of 

natural selection resembling biological evolution [12, 13]. The process begins with a set of the 

initial population, and the goal is to maximize the fitness of the future population. The GA 

generates a population set at each iteration of the algorithm. The algorithm selects the next 

population using the random number generators to produce offsprings using the current population 

as parents. The next generation of offspring evolves based upon the evolutionary crossover and 

mutation process where the offsprings with the greatest fitness function survive. The best solution 

in the population set approaches an optimal solution. The current work uses a genetic algorithm-

based optimization technique to optimize the bead deposition quality. 

 This study uses a multi-objective genetic algorithm (MOGA) to optimize the build's quality 

properties. A MOGA is a population-based selection technique to find the best optimal solution 
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[14]. The MOGA simultaneously optimizes multiple molten pool properties, which is desired for 

comprehensive quality optimization. 

 Multi-objective optimization problems look for an optimized solution by solving two problem 

statements simultaneously. Finding the alternate set of solutions in a way that one-dimensionality 

can be improved without compromising the other is Pareto optimality. Pareto fronts are generated 

in multi-objective optimization problems representing a set of all non-inferior solutions, chosen as 

optimal if no objective can be improved without sacrificing the other objective [15].  

6.3 Results 

 The dataset used for building the regression model that maps the real-time molten pool 

condition data to quality properties consists of 13 single bead deposition builds. The optimization 

of molten pool condition is formulated in two ways to achieve the desired bead deposition quality. 

Table 6.1 presents the optimization algorithm environment used for formulation. 

 

Table 6.1 Multi-objective genetic algorithm parameters used for optimization. 

Parameter Value 

Population 200 

Solver gamultiobj 

Constraint tolerance 1e-3 

Function tolerance 1e-10 

Crossover fraction 0.8 

Pareto fraction 0.5 

Selection function selectiontournament 

Mutation function mutationadaptfeasible 

Distance measure function distancecrowding 
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6.3.1 Optimization of aspect ratio and dilution ratio 

 The desired bead quality optimization to achieve the optimal molten pool condition data, i.e., 

MP width, length, and temperature for Ti-6Al-4V, is developed. The goal is to achieve the desired 

aspect and dilution ratio properties by minimizing the objective function. The multi-objective 

optimization problem for achieving the desired bead quality is formulated as given in Eq. (6.3). 

The objective is to achieve the desired AR and DR as mentioned in Eq. (6.4) and (6.5), subject to 

the constraints provided by Eqs. (6.6) - (6.8). The constraints for the single deposition are obtained 

using the experimental sensing database and domain expertise, as specified in Eqs. (6.6) - (6.8). 

The lower bound, i.e., 1660˚C for the MP temperature constraint, is selected as the melting point 

of Ti-6Al-4V, and the upper bound is chosen using the experimental data. 

    𝑀𝑖𝑛 𝐹(𝑥) = [𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 1;  𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 2] (6.3) 

Where,  

    𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 1 = |𝐴𝑅 − 𝐴𝑅𝑑| (6.4) 

    𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 2 = |𝐷𝑅 − 𝐷𝑅𝑑| (6.5) 

Where, 𝐴𝑅 and 𝐴𝑅𝑑 is the predicted and desired aspect ratio, respectively; 𝐷𝑅 and 𝐷𝑅𝑑 is the 

predicted and desired dilution ratio, respectively. 

Subject to constraints,  

    Constraint 1 = 8 < 𝑀𝑃 𝑤𝑖𝑑𝑡ℎ < 12 𝑚𝑚 (6.6) 

    Constraint 2 = 14 < 𝑀𝑃 𝑙𝑒𝑛𝑔𝑡ℎ < 20 𝑚𝑚 (6.7) 

    Constraint 3 = 1660 < 𝑇 < 2050 ˚𝐶  (6.8) 

 Aspect ratio and dilution ratio govern the overall bead quality and can be utilized to distinguish 

good vs. failed bead deposition. The desired range for the AR and DR values is determined using 

the experimental database containing the characterization and bead quality properties data for 

different combinations of process parameters. Based upon our previous work [16], a 

comprehensive analysis is performed on the experimental database that maps the process 

parameters to the quality properties. Analysis from [16] is used to determine the desired values for 

the aspect and dilution ratio.  

 Figure 6.3 shows the scatter plot for the aspect ratio vs. the dilution ratio. A linear relationship 

exists between AR and DR, and the range of AR and DR as seen from experimental data is 2.2-

3.4 and 0.31-0.38, respectively. Increasing one variable will increase the other, and trying the do 
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otherwise will result in conflicting objectives. Two scenarios are analyzed to find the optimal 

molten pool conditions. Scenario 1 is where one only objective can be satisfied at one time, and in 

scenario 2 both the objective function can be satisfied simultaneously. 

 

 Figure 6.3 Aspect ratio vs. dilution ratio data distribution. 

 

6.3.1.1 Scenario 1: Conflictive AR and DR  

 In practical application, during printing, the desired values for the AR and DR may not be 

achieved simultaneously due to environmental conditions, system controller, etc. Scenario 1 

represents the optimization approach to find the optimal molten pool conditions when the AR and 

DR conflict (i.e., cannot be satisfied simultaneously). For example, 𝐴𝑅𝑑 is 3.1, and 𝐷𝑅𝑑 is 0.325 

as shown in Figure 6.3 scenario 1. Figure 6.4 shows the Pareto points generated from the 

optimization of AR and DR. The Pareto front is a set of solutions for the molten pool conditions 

with superior solution compared to the solution in the overall search space. The objective values 

are normalized using Min-Max normalization for better visualization. As represented in Figure 

6.4, objective 1 is sacrificed to achieve objective 2 and vice versa. The optimal solutions represent 

the alternatives for selecting molten pool conditions.  

 Figure 6.5 represents the convergence plot for the objective AR and DR. Both the objectives 

converge and are analyzed using the best and mean score of the generated population. The 

objective AR converges to the mean solution after nearly 50 generations. As seen from the 

objectives, AR is compromised for achieving the targeted properties compared to DR when 
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comparing the mean score.  The best and the mean score values for the objective DR are equal to 

zero. 

 

Figure 6.4 Pareto optimal for conflicting normalized responses objective 1 (𝐴𝑅 − 𝐴𝑅𝑑) and 

objective 2 (𝐷𝑅 − 𝐷𝑅𝑑). 

 

 

Figure 6.5 Convergence plot for the conflicting objective 1 (𝐴𝑅 − 𝐴𝑅𝑑) and objective 2 (𝐷𝑅 −𝐷𝑅𝑑) using MOGA. 
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 Table 6.2 shows selected samples of generated optimized molten pool conditions and the 

corresponding bead geometry properties using MOGA. The final optimized population of 200 data 

points is generated for the molten pool conditions using AR and DR objectives for determining 

the bead quality. A total of 600 generations run for achieving the optimal points. The optimized 

population values are within the data distribution and satisfy the optimization constraints. 

 

Table 6.2 Optimized molten pool condition population generated from the conflictive desired AR 

and DR values.  

Population 

# 

Bead geometric properties Molten pool conditions (Responses) 

AR DR 
MP width 

(mm) 

MP length 

(mm) 

MP temp 

(˚C) 

1 3.100 0.358 8.397 19.876 2087.927 

2 3.227 0.350 8.047 19.926 2054.754 

3 3.732 0.325 8.038 19.837 1904.552 

4 3.172 0.354 8.388 19.891 2069.705 

5 3.341 0.344 8.050 19.914 2024.318 

 

6.3.1.2 Scenario 2: Non-conflictive AR and DR  

 In scenario 2, the desired values for AR and DR are satisfied simultaneously. The values for 𝐴𝑅𝑑 and 𝐷𝑅𝑑 are selected as 2.25 and 0.325, respectively [16]. These objective values satisfy the 

linear relationship between the AR and DR, as seen from Figure 6.3. The remaining constraints 

are kept the same as given in Eqs. (6.6) - (6.8). Since both the objectives are attainable 

simultaneously, the MOGA reaches a single optimal solution for the molten pool conditions. Thus, 

the Pareto front for the non-conflicting objective condition has a single optimal point as it reaches 

a local minimum. The single molten pool conditions satisfy the constraints and can achieve the 

desired AR and DR properties. The optimized molten pool condition values are 8.21 mm for MP 

width, 14.00 mm for MP length, and 1900.35 ˚C for MP temperature. 
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 Figure 6.6 shows the convergence plot when the objectives AR and DR are satisfied 

simultaneously. The fitness score for both the objectives converge near to zero as represented by 

the mean and best score. Both the mean and best score values converge to a value of zero in almost 

10 to 15 generations.  

 

Figure 6.6 Convergence plot for the non-conflicting objective 1 (𝐴𝑅 − 𝐴𝑅𝑑) and objective 2 

(𝐷𝑅 − 𝐷𝑅𝑑) using MOGA. 

 

6.3.2 Optimization of bead height and bead width 

 The bead deposition quality is determined by the overall geometry governed by the bead height 

and bead width. As seen from [10], bead height and width are used as governing properties for 

maintaining the bead dimensions. The second formulation aims to maximize the bead height and 

bead width as given in Eq. (6.9). The multi-objectives used for optimization are the maximization 

of H and W as given in Eq. (6.10) and (6.11), respectively.  The constraints are kept the same as 

specified in Eqs. (6.6)-(6.8).  

    𝑀𝑎𝑥 𝐹(𝑥) = [𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 1;  𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 2] (6.9) 
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Where,  

    𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 1 =  𝐻 (6.10) 

    𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 2 = 𝑊 (6.11) 

 Figure 6.7 shows the scatter plot for the data distribution of bead height and bead width. For 

the obtained experimental data, it can be deduced that there exists an inverse relationship between 

the bead height and bead width. As seen from data distribution, the range for bead height is 

between 2.8-4.6 mm, and for bead width is 8-12.5 mm. Thus, maximizing both bead height and 

width properties will result in conflicting objectives, as seen from the red box in Figure 6.7.  

 

Figure 6.7 Bead height vs. bead width data distribution. 

 

 Figure 6.8 shows the Pareto front generated from the optimization of bead height and width. 

As seen from the optimal points, the bead height and width are conflicting objectives where one 

objective is sacrificed for achieving the other. The bead height data is distributed in the range of 

4.1-4.65mm, and the bead width in the range of 11.8-12.2mm. The Pareto front shows that the 

maximization of both objectives results in conflictive optimization. The data point on the Pareto 

front represents the total number of optimal solutions obtained for the molten pool conditions. 

Each data point represents a population value where the objectives and constraints are satisfied.  

 The convergence plot shows the fitness score for the bead height and bead width using the best 

and mean score properties. As seen from Figure 6.9, the best score for bead height converges to 
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4.6mm, and the bead width converges to 12.2mm. The optimized molten pool condition data lies 

within the range of constraints, and the generated population can be used to achieve the desired 

quality of the bead. 

 

Figure 6.8 Pareto optimal for the responses objective 1 (H) and objective 2 (W). 

 

 

Figure 6.9 Convergence plot for objective 1 (H) and objective 2 (W) using MOGA. 
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 Table 6.3 presents the few parameter combinations for non-dominated Pareto optimal points. 

The final optimized population of 200 data points is generated for the molten pool conditions using 

H and W objectives for determining the bead quality.  

 

Table 6.3 Optimized molten pool condition population generated from the maximization of H 

and W.  

Population 

# 

Bead geometric properties Molten pool conditions (Responses) 

H 

(mm) 

W 

(mm) 

MP width 

(mm) 

MP length 

(mm) 

MP temp 

(˚C) 

1 4.092 12.193 11.995 19.957 2063.737 

2 4.614 11.830 11.812 19.549 1921.821 

3 4.289 12.055 11.750 20.000 2010.133 

4 4.164 12.141 11.749 19.998 2043.906 

5 4.452 11.942 11.999 19.962 1965.796 

 

 The optimized molten pool condition population from the MOGA and two formulation 

techniques lies within the constraints and satisfies the objective for achieving the bead quality. The 

generated molten pool condition data properties combined with domain expertise knowledge will 

allow us to select the desired image and thermal data properties to be used by the in situ quality 

monitoring and control architecture.   

6.4 Conclusion 

 A multi-objective genetic algorithm is presented to find the optimal molten pool conditions for 

achieving the desired single bead deposition quality. A forward regression model is established to 

map the molten pool condition data, i.e., the MP width, length, and temperature, to the bead 

geometric properties. This regression is then used to obtain the optimized molten pool conditions 

using the reverse optimization approach. The objective of the MOGA is to achieve the desired 

bead quality for obtaining the optimized molten pool conditions. The overall bead quality is 

quantified using aspect ratio, dilution ratio, bead height, and bead width. The constrained for the 
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optimization problem are obtained from the experimental data characterization and domain 

expertise. The optimization algorithm generates a feasible population containing the molten pool 

condition properties to obtain the overall bead quality. The optimized molten pool condition 

properties are analyzed for feasibility to be used as desired molten pool condition properties by 

the feedforward and feedback control framework to achieve the desired bead deposition quality. 

 

Data availability 

The raw data required to reproduce the findings of this work currently can only be shared with the 

permission of the U.S. Office of Naval Research. 
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CHAPTER 7 

CONCLUSION AND FUTURE WORK 

 

7.1  Conclusion 

 The dissertation address the problem of in situ quality assurance for a laser wire-feed DED 

system.  A comprehensive architecture for in situ quality assurance and estimation is presented, 

and the individual models are verified using experimental data collected on DED system located 

at ORNL. A sensing system is developed to collect molten pool dynamics evolution as the build 

progresses. The molten pool sensing data obtained from all the sensors is synchronized and 

collected using the National Instrument data acquisition system. Experimental data is collected for 

different settings of machine process parameters for developing and training the ML models for in 

situ quality assurance. Single bead depositions are characterized for obtaining the bead geometry 

and microstructural properties. Detailed discussions about the sensing system development and 

each data-driven model architecture are discussed in Chapters 2, 3, 4, 5, and 6. Chapter 3-6 

demonstrated the quality assurance architecture sections of the additively manufactured Ti-6Al-

4V parts by monitoring and controlling the build's bead geometry and microstructural properties. 

The contributions of this dissertation are summarized as follows: 

(a) Development of in situ process parameter prediction framework using multi-modal sensing 

data 

 For the purpose of in situ quality control, the desired molten pool conditions should be achieved 

by adjusting the process parameters comprehensively. However, the past work is focused on using 

only one modality of molten pool dynamics to predict a maximum of a couple of process 

parameters. Control using process parameters is relativity simple as it lowers the network's 

complexity but provides minimum generalizability. We developed a comprehensive process 

parameter prediction model using a multi-modality CNN architecture. The results highlighted that 

the multi-modality CNN, which receives thermal profile as an external modality on top of the 

molten pool image modality features, has improved prediction performance compared to the 

image-based uni-modality CNN approach. The designed molten pool condition-process (M-P) 
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model is an end-to-end prediction network functioning as a feedforward controller. The data-

driven feedforward M-P model can provide predictive process parameter estimation to achieve the 

desired molten pool geometry and temperature by eliminating disturbances before the process is 

affected. 

(b) In-process estimation of build geometric and microstructural properties using CNN 

 The molten pool geometry and molten pool thermal profile are the significant indicators for 

the final part's geometric shape and microstructural properties of the laser direct energy deposition 

process. Thus, the molten pool condition-quality (M-Q) relations are of preliminary importance 

for in situ quality assurance. Measurement of post-process characterization data for the additive 

manufactured part is costly and time-consuming. The existing workflow for post-processing 

property measurement involves destructible testing, labor-intensive and costly experimental 

procedures. Also, as seen from the literature, the build properties prediction is focused mainly on 

predicting a couple of bead geometry properties and classification of microstructural properties 

using real-time multi-modality sensing data.  A high quality dataset was first built and analyzed 

for training the ML model. We developed two separate machine learning multi-modality 

convolutional neural network (m-CNN) models for establishing the correlations of the measurable 

molten pool image and temperature data directly to the geometric shape and microstructural 

properties. The multi-modality CNN-based models are investigated and benchmarked with the 

traditional Gaussian process regression (GPR) and support vector regression (SVR) model. The 

multi-modality sensing-geometry (S-G) and sensing-microstructure (S-M) models can be used in 

real-time for predicting the build properties using the sensing data.  

(c) Optimization of molten pool conditions to achieve the desired deposition quality  

 Optimizing the molten pool conditions to be used as input to the controller is crucial for in situ 

build quality assurance and control. Multi-objective genetic algorithm-based optimization is 

performed using the trained M-Q models to achieve the desired bead deposition quality. The 

optimized molten pool conditions obtained from the genetic-based algorithm can be used as input 

to the feedforward and feedback controller for guiding the process to achieve desired build 

deposition. 

 The developed M-P, S-G, S-M models, along with the optimization approach, are used for 

building a comprehensive quality assurance architecture, as represented in Chapter 1, Figure 1.3.  
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7.2  Future work 

 The development and research of additive manufacturing processes for metal components 

involve interdisciplinary focus from process control, material science, and thermo-mechanical 

interaction to modeling and simulation. The designed models and controller can be used to develop 

an in situ quality control and assurance framework.  The current trained ML models have shown a 

performance prediction error of less than 10% for the real-time sensing data. There are a couple of 

major directions moving forward with the current research work.  

 The first is the testing of the trained models online for evaluating the prediction accuracy and 

the overall performance of the in situ control architecture. This will help in improving the model's 

performance accuracy as more training data is collected during the experiment. In addition, more 

training data with varied deposition conditions will allow for incorporating a variety of build 

conditions aiding the prediction accuracy. Another addition to the trained models is the inclusion 

of adaptive model training into the framework allowing the model to update/learn automatically 

as more data is collected onto the system. 

 Secondly, the task would be to extend the current work to other metals used in the directed 

energy deposition process. Different metals used in AM process lead to varied sensing data and 

post-processing characterization data. Generalizing the currently trained model to different metal 

alloys and other AM applications like sheet lamination, powder bed fusion will help in dataset 

building and knowledge transfer. The ability to generalize the models trained on the DED process 

to other AM systems will be an initial guide in the research of in situ quality assurance. The trained 

model can be modified and adjusted based on the variations in different AM processes, including 

energy source, deposition material, process environment, etc. 
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APPENDIX A 

SENSING AND DATA ACQUISITION SYSTEM FOR WLAM SYSTEM 

A.1  Data acquisition package using National Instrument 

 The data available from each of the sensors discussed in Chapter 2 is captured using the NI 

data acquisition system/modules listed in Table A.1. Each sensor is connected to an I/O module to 

acquire, store and process the data using the NI LabView software. 

 

Table A.1 Data acquisition system and modules for the development of monitoring and control 

architecture. 

No. Module Model No. Properties Purpose 

1 Controller NI PXIe-8880 
PXIe controller 

Windows 10 64-bit 

Compact embedded 

computer for PXIe 

systems 

2 
PXI Multifunction 

I/O Module 
NI PXIe-6341 

16 Analog input 

24 Digital I/O 

2 Analog output 

Acquire analog signal 

from acoustic sensor 

3 
Connector Block 

NI PXIe-6341 
SCB-68A  

Noise Rejecting, Shielded 

I/O  block 

4 Hard drive 
NI HDD-8266 

(24TB) 
24 TB Data storage for sensor 

5 
PXI Digital I/O 

Module 
NI PXI-6528 

24 Digital input 

24 Digital output 

Ch-Ch Isolated 

Digital I/O 

Provides process 

parameter output signal 

to the AM system/Robot 

controller 

6 
Connector Block 

for NI PXI-6528 
SCB-100A  

Noise Rejecting, Shielded 

I/O block 
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Table A.1 Continued 

7 Vision Board 

NI PXIe-8234 with 

Vision Acquisition 

Software 

GigE Vision 

2 camera support 

Image acquisition from 

the camera 

8 FPGA Coprocessor 

NI PXIe-7915 NI 

FlexRIO FPGA 

Coprocessor 

4 GB DRAM 

38Mbit BRAM 

Signal processing 

capability to PXI systems 

9 
PXI Analog Input 

Module 
PXIe-4302 

32 Analog input 

5kS/s/ch sampling 

rate 

Acquire analog signal 

from pyrometers 

10 
Connector Block 

PXIe-4302 
TB-4302C  Connector  block 

11 Chassis 

NI PXIe-1095 

(Timing and Sync 

Option) 

18 slots 

12 PXIe slots 

Timing and 

synchronization 

capability all the sensor 

and DAQ data 

 

A.2  Sensor and DAQ hardware setup  

 Figure A.1 shows the block diagram for the sensor and the DAQ system, along with the I/O 

channel map. Each sensor has a dedicated signal interface fed into the appropriate NI I/O module 

on the system control chassis, where the signal gets processed. Figure A.2 shows the corresponding 

wiring diagram connecting the sensor's input and output to the I/O modules and power supply. 
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Figure A.1 Sensor and DAQ system block diagram. 
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Figure A.2 Wiring diagram for data acquisition system and sensors for the development of monitoring and control framework.  


