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ABSTRACT 

      OF THE DISSERTATION OF 

 

 

 

Ahmad Mohmmad Rabieh Baydoun  for Doctor of Philosophy 

                  Major:  Mechancial Engineering 

 

 

Title: XCT Non-Destructive Evaluation of FSW Joints via Predictive Modeling of 

Hounsfield Units 

 

This work employs X-ray computed tomography (XCT), coupled with machine and deep 

learning techniques to non-destructively evaluate the quality (detecting defects and 

differentiating of materials) of dissimilar friction stir welded (DFSW) metallic joints.   

Since the model will quantify the material mixing taking place within the dissimilar 

welds. A large number of pure and alloyed metals was scanned, and HU measurements 

and their standard deviations recorded for these metals. Since this work depends on XCT 

scanning to identify HU values of metals of interest and since not much is available in the 

published literature, much effort was spent on collecting such values experimentally. It 

was found that measured HU values depend strongly on the XCT scanning parameters 

including tube current and voltage, voxel size (function of the section width, table speed), 

etc... Therefore, before such an HU database can be used, it was necessary to delineate 

such dependence in a reliable fashion including using the broader16-bit HU scale to 

resolve the issue of saturation. 

Given that mixing in FSW joints results in a multi-metal component alloy, a method had 

to be determined to relate the alloy HU value to those of its elemental constituents. A 

developed weighted average mixture model utilizes the individual HU values of each 

metal component and their relative weight percentages to predict the HU value for the 

alloy. The model is then compared against machine learning (ML) and neural network 

(NN) based methods which were created to also model the HU values- elemental 

composition relation.   

After scanning of the raw materials was concluded and the relations between HU 

measurements, scanning conditions, and elemental composition well documented, FSW 

joints of dissimilar aluminum-based (AA6061) and magnesium-based (AZ31b) are 

fabricated under different sets of welding parameters (mainly the welding tool as well its 

feed and rotational speed). The FSW parameters are optimized to obtain relatively good-

quality welds. 

The welded joints are then XCT scanned at optimal scanning parameters. The collected 

XCT data is then used to train, validate, and test deep-learning-based neural networks, 

which will be able to detect the presence of defects, identify their locations, quantify their 

volumes, and differentiate the two metals in the weld zone. Allowing for the fast and 

reliable evacuation of dissimilar FSW welds. 
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       CHAPTER 1 
 

1. INTRODUCTION 
 

1.1 Overview of dissertation  

Today there is an emphasis on mitigating adverse environmental effects across 

all manufacturing fields. This push has led to the development of greener alternatives to 

conventional production techniques. Novel manufacturing methods such as additive 

manufacturing (AM), laser surface texturing (LST), and friction stir processing/welding 

(FSP/ FSW) promise to reduce material waste and economize production energy.  

Novel manufacturing techniques can produce complex shapes and patterns that 

are often too intricate or costly to examine via conventional testing methods. For 

example. The internal defect formation is FSW as well as the transfer of metals in the 

weld zone are challenging to analyze conventionally without destroying the produced 

weld.  

Non-destructive evaluation techniques (NDTs) have been well established in the 

material science world as reliable methods for the evaluation of elaborate parts and 

complex joint structures while keeping the samples intact. NDTs are also being 

complemented by the rise of artificial intelligence (AI) models, which can automate the 

evaluation methodology and generate predictive models that can be used to reduce 

evaluation costs and time.  

X-ray computed tomography (XCT) while originally developed for the medical 

field, has been successfully implemented as an NDT in material science. XCT scans 

create grayscale images based principally on the number of X-rays absorbed by each 

material in the scannerôs field of view (FOV) with dense materials showing as white 

and empty space showing up as black. A conventional way to quantify the grayscale in 
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radiographic images is through the Hounsfield Unit (HU) with air being assigned a 

value of -1000HU and water 0HU. When applied as an NDT method XCT enables the 

detection of internal defects as well as any changes in the materials forming the 

products. 

However, while HU values for medically relevant materials are well-defined, 

HU values for metals and their alloys are often missing in the literature. This is due to 

the large number of metals and their alloys and the wide range of XCT scanning 

parameters that affect the resulting HU measurements of such metals. 

 

1.2 Research questions 

This work aims to develop a model to automatically detect and characterize the 

defects present in dissimilar FSW parts utilizing XCT and machine and deep learning. 

To that end, the following research questions are posed: 

Research Question 1: With the objective of this research involving dissimilar friction 

stir welded (DFSW) joints, can we reliably fabricate sound DFSWôed (e.g.  AA6061 

and AZ31b) joints in-house to be used in the later phases of this research? 

Research Question 2: When characterizing DFSW joints, can segmentation of scanned 

XCT HU values be employed as an NDT method to manually detect defects in joints? 

Research Question 3: When characterizing metals and their alloys, what is the relation 

between XCT scanning parameters (i.e., X-ray probe voltage and current, voxel size, 

sample thickness, etc..) and the resulting measured HU values (and standard deviation 

values). 
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Research Question 4: When characterizing metallic alloys, what is the relation 

between the alloyôs elemental composition and its HU value? Can this relation be 

reliably represented via a weighted average mixture relation? 

Research Question 5: Utilizing the answers to the above research questions, can a deep 

learning-based model be developed to automatically characterize the defects and mixing 

zone compositions of dissimilar friction stir welded (DFSW) joints (e.g.  AA6061 and 

AZ31b joints)? 

 

1.2.1 Relation and workflow of five research questions 

To highlight the relation between the five questions and how each contributes to 

the aim of this work of developing an automated method of internal defect detection and 

material dissimilar material mixing in the weld zone of DFSW joints the following 

overview of the workflow is presented.  

The welds produced while answering research question 1 are used to answer 

research question 2 by XCT scanning the samples analyzing the internal defects 

detected and evaluating material mixing via manual methods, the initial samples 

produced in answering the two questions are used as proof of concept and a are used in 

addition to other DFSW and raw material scans to study the relation between the XCT 

scanning parameters and the recorded mean HU and standard deviation values (research 

question 3), as well as the relation between the elemental composition and recorded 

mean HU and standard deviation measurements (research question 4). For research 

questions 3 and 4, machine learning based methods are used to improve the accuracy of 

developed predictive models.  
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 Finally, after answering the first four research questions, resulting in a well-

developed understanding of the FSW, XCT scanning, and the relations involved, 

question 5 can then be answered, via the development of a dataset of DFSW welds 

which are then scanned at optimal XCT parameters, and the scans thresholded and 

segmented using suitable techniques to develop a training/validation/texting dataset on 

while the deep learning models of question 5 can be trained/validated/tested. Deep 

learning-based models are utilized rather than machine learning methods due to the type 

of data involved (XCT images) and the type of output required (semantically segmented 

XCT images). 

Figure 1.1 shows a preview of the results of each research question to highlight 

the relation between the five questions and how each contributes to the aim of this work 

of developing an automated method of internal defect detection and material dissimilar 

material mixing in the weld zone of DFSW joints. For research question 1 a photograph 

of a DSFW of AA6061/AZ31b is presented, and for research question 2 the manual 

segmentation of a cross-section of the weld is presented with AZ31b shown in blue and 

AA6061 shown in red, as well as the 3D rendering obtained by concatenating all 

segmented 2D XCT images. For research question 3, and with the objective of 

minimizing the standard variation of each material mask recorded in question 2, a 

surface plot showing the effect of varying three XCT scanning parameters has on the 

measured STDV value for the magnesium alloy AZ31b. For research question 4, 12 

aluminum alloys are scanned each having a different elemental composition, thus 

highlighting the effect of the elemental composition on the measured mean HU value, 

and highlighting the need for sufficient difference in the radiographic response to ensure 

that the segmentation of welds produced by such alloys is viable. Finally, for research 
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question 5, photos of the ground truth segmentation vs the deep-learning model 

segmentation are shown highlighting the possible model accuracy that can be obtained.  

 

 

Figure 1.1: Overview of the results of each research question.  

 

1.3 Literature review  

1.3.1 Friction stir welding (FSW) 

The drive to maximize the efficiency of critical components has led to the development 

of novel manufacturing techniques, including AM which can create geometries that are 

difficult to reproduce using conventional methods while reducing fabrication time and 

cost [1]. LST can produce complex textures with high accuracy while maintaining good 

process controllability [2]. FSW/FSP can join dissimilar materials regardless of their 

elemental composition [3]. 

FSW relies on the plastic deformation caused by a blunt rotating tool that travels the 

length of plates to be joined thus fusing them [4]. The invention of FSW is credited to 

the welding institute in 1991 [5]. With constant advancements being made ever since, 

currently, FSW can be used to weld a wide range of metals including aluminum [6], 

magnesium [7], steels [8], [9], [10], and copper [11]. The metals can either be welded to 
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themselves (similar welding) [12], [13] or to each other (dissimilar welding)[14], [15], 

[16].  

In FSW, the weld zone is partitioned into three microstructural zones. The weld nugget 

is affected by thermal and mechanical stresses and undergoes dynamic recrystallization. 

The thermos-mechanically affected zone (TMAZ) is also affected by mechanical and 

thermal stresses but doesnôt undergo dynamic recrystallization. Finally, the thermally 

affected zone is only affected by thermal stresses (heat)  [17]. 

The main challenge in FSW is minimizing the presence of internal defects in the weld 

zone (nugget zone and TMAZ). Internal defects include small round holes (pinholes), a 

tunnel going along the weld length (tunneling defect), and a non-welded zone at the 

bottom of the plates [18]. Since all the listed defects except for the latter are internal 

examining them using conventional methods offers limited information about their 

characteristics (number, shape, size, and location).  

 

1.3.2 XCT as NDT of friction stir welded joints 

 Examination of the internal defects in FSW joints can be done using multiple NDT 

methods including ultrasonic waves [19], infrared tomography [20], die penetrant 

testing [21], magnetic particles [22], eddy currents [23], as well as XCT scans [24].  

XCT scans have been proven to be successful at analyzing FSW welds.  The penetrative 

ability of the ray coupled with the ability to differentiate between different materials 

means that voids (air) and the different metals in the case of dissimilar FSW welds, can 

be identified and characterized.  

Quantitative NDT is possible when FSW welds are scanned due to the computerized 

aspect of the XCT scans. While in conventional radiography the images are printed on 
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films, in XCT the radiographic images are digitalized and divided into pixels each 

having an assigned value referred to as the CT number or more commonly the 

Hounsfield Unit (HU). 

Godfrey Hounsfield is credited with the invention of computed tomography in 

1973 [25], for his contribution to radiology the unit measuring the radiographic density 

of objects was named after him. The HU is the common method to analyze XCT scans, 

based on the linear attenuation coefficient and uses the air (-1000HU) and water (0HU) 

as references, it measures the relative attenuation of X-rays by the different materials in 

the radiographic image [26].  Conventional XCT scans use a 12-bit range (-1024HU to 

3272HU), however for applications where the XCT scans might contain objects such as 

implants or foreign objects the 12-bit scale is often saturated by the metals present 

leading to poor image quality [27]. This led to the adoption of the 16-bit HU scale (-

1024HU to 32768HU) [28][29], as well as the extended HU scale [30].  

Employing XCT scans for the non-destructive evaluation of FSW joints has 

been well documented in the literature. Mahto et al. [31] manufactured dissimilar 

AA6061-T6/ AISI 304 FSW welds underwater to enhance the cooling rate. The 

resultant welds were examined for defects (voids, cavities, kissing bond, and lazy S) 

using micro-CT scans. 3D models were generated from the CT scans (images were 

thresholded and segmented) to determine the volume of the defects and their location. 

Roy et al. [32] employed discrete wavelet transform (DWT) to identify the location of 

defects FSWôed commercially pure AA1100 in a butt configuration. XCT scans were 

then used to verify the results of the DWT analysis. And while both methods can 

determine the location of the defects XCT scans are further capable of outputting an 

estimate of the defect volume. 
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Ramachandran et al. [33] manufactured FSW butt-welded joints from 304 stainless 

steel. The samples are then XCT scanned using a Nikon X-tek HMX 225 KV, using a 

tube voltage of 100kV, tube current of 110 ɛA, and a 3D resolution of 7.1 ɛm3. The 

XCT scan was able to capture the stir profile on the surface of the samples. The scans 

were also able to capture the deposition of tungsten particles from the FSW tool into the 

nugget zone as well as on the surface of the weld.   

 Schaff et al. [34] employed X-ray dark-field computed tomography to characterize 

FSW welds of AW-2219-T87 (aluminum copper alloy), and an AlSi7Mg0,3 

(aluminum-silicon alloy). The microstructural changes of the bead on plate welds were 

accurately captured by the imaging technique.  

 Sun et al. [35] utilized synchrotron XCT scans to investigate the defects present 

in FSWôed titanium aluminide wheel/ titanium shaft assembly. The dissimilar materials 

can be used for turbocharger components of diesel engines. Since the intermetallic 

compounds formed are brittle the welds must be defect free. The synchrotron XCT 

scans can generate high-energy beams that can penetrate the thick metal of the welds 

revealing the internal defects present. The XCT results were verified with destructive 

testing.  

Thomas et al. [36] employed synchrotron micro XCT to investigate the weld 

interface of AZ31 and zinc-coated DP590 steel. The presence of the coating resulted in 

three radiographically distinct materials in the weld zone. Manual segmentation was 

performed to generate three masks for the three materials and generate a 3D model of 

the weld. The generated model was able to capture the material movement in the weld 

zone. The zinc coating was non-uniformly spread with variable levels of penetration 

into the AZ31 plate.  



 

 25 

 One of the challenges of producing accurate volumetric information about the 

internal defects present in the FSW welds is the lack of guidelines and uniform practices 

for the segmentation of metals. This coupled with the lack of literature on HU 

measurements of many metals and their alloys hinders most comparison efforts between 

studies where similar metals are XCT scanned.   

 Hamade and Baydoun [24] presented a methodology to systematically determine 

the appropriate threshold in binary material XCT scans of dissimilar AA6061/AA1050 

joints with internal voids. The selected threshold was selected based on the median 

distance between the weld material and air across multiple areas to obtain an accurate 

global threshold.  Three welds of dissimilar materials AZ31b/AA6061 were evaluated 

in [37]. The welds were analyzed with XCT scans, internal defects were characterized 

using the methodology of selecting a global threshold based on maximizing the 

separation between the material peaks on XCT images histogram analyzed according to 

the Otsu segmentation method [38].   

 

1.3.3 AI/ML as NDT method to detect defects in FSW joints 

With continuous breakthroughs in the artificial intelligence field, the utilization 

of machine learning (ML) and neural networks (NN) models for the location, 

identification, and prediction tasks have been successfully implemented in the 

evaluation of FSW welds. ML models including gaussian regression (GR), support 

vector machining (SVM), and multi-linear regression (MLR) were implemented by 

Verma et al.  [39] to model the ultimate tensile strength of FSWôed AA6082 joints 

using the rotational spindle speed and feed rate as input parameters. After training and 
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testing, it was found that the GR technique works best for modeling the ultimate tensile 

strength with an error of 5.94MPa.  

 Thapliyal and Mishra [40] utilized K-nearest neighbors (KNN), artificial neural 

networks (ANN), and decision trees with Gini index to model the effect of the FSW 

process parameters (spindle rotational speed, tool transverse speed, shoulder diameter, 

pin diameter, and tool tilt angle) on the ultimate tensile strength of FSW copper joints. 

A classification approach was used such that if the tensile strength is above 80% of the 

parent metal the weld is classified as 1 and if the strength is below 80% then the weld is 

assigned a zero.  Pin and shoulder diameters were found to have the greatest impact on 

the ultimate tensile strength. The ANN model showed the greatest accuracy of the 

models considered at 94%. 

 Du et al. [41] employed a Bayesian neural network and a decision tree model to 

model the void formation in FSW joints made from three aluminum alloys AA2024, 

AA2219, and AA6061. Initial input parameters included tool geometry, material 

property, and welding parameters, leading to void formation prediction accuracy of 

83.3%.  After this, the input parameters were replaced with more causal parameters 

(temperature, strain rate, torque, and maximum shear stress of the pin) calculated from 

rigorous analytical models leading to an enhanced predictive accuracy of 96.6%. 

Atwya and Panoutsos [42] used a multi-layer perceptron (MLP) feed-forward model to 

enhance the detection of internal flaws in FSW aluminum joints using transient 

thermography. Atwya and Panoutsos also developed a novel hyperparameter-free 

feature extraction technique (thermographic signal linear modeling ï TSLM). The MLP 

model was able to increase the probing depth of transient thermography from 0.3mm to 

1.2mm. While the proposed TSLM model further increased the depth to 2.2mm with a 
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true positive rate of 92.1% and a true negative rate of 87.8% thus highlighting how the 

application of ANN into existing technologies can increase their effectiveness.   

 While ML and NN can generate models with good predictive accuracy, more 

accurate models that possess greater generalization capabilities can be achieved using 

deep learning. Convolutional and recurrent neural networks (CNN and RNN) can be 

applied to many higher-level tasks such as feature extraction, segmentation and 

thresholding, and object identification. 

Hartl et al. [43] employed a fully connected neural network (FCNN) based 

model, a CNN-based model, and one RNN-based model to detect surface and internal 

defects present in 120 butt FSWôed AW-6082-T6 samples using ultrasonic waves scans. 

For the three model types different architectures and layer sizes were tested to ensure 

ideal performance, after which the defect detection accuracy between the three different 

approaches was analyzed. The CNN model was the best performer in terms of 

predictive accuracy when used to detect surface (92.1%) and internal defects (79.2%).   

 Rabe et al. [44] employed three types of recurrent and convolutional networks to detect 

and classify defects in 72 FSW specimens made from AA5754.  The process parameters 

including feed rate and spindle speed are varied, and the resultant process feedback 

forces are recorded as well. After welding the samples are inspected using an optical 

microscope to identify the presence of defects and build the training and testing 

datasets. While all networks were able to identify and label defects correctly, the CNN-

based model performed best with a reliability of over 90%. 

 The above literature highlights the benefits of integrating deep learning models 

into the NDT of FSW samples. However, while such works focus on the detection of 

defects via optimal and ultrasonic-based methods, the application of AI/ML as an NDT 
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aid of XCT scanning of FSW samples is still unexplored. This gives rise to the topic of 

this research not only to detect and quantify defects but to also resolve the elemental 

composition of mixing zones within FSWôed joints. 

 

1.4 General methodology  

To answer the research questions posed, the general methodology is outlined below: 

Research Question 1: With the objective of this research involving dissimilar friction 

stir welded (DFSW) joints, can we reliably fabricate sound DFSWôed (e.g.  AA6061 

and AZ31b) joints in-house to be used in the later phases of this research? 

¶ To answer this question, the following tasks are performed.  

a. DFSWôed joints of AA6061-AA1050 in a lap weld configuration, are 

manufactured under different levels of welding speed.  

b. DFSWôed joints of AA6061-AAAZ31b are manufactured in a butt weld 

configuration under different levels of welding speed, tool rotational speed, 

and tool profile.  

Research Question 2: When characterizing DFSW joints, can segmentation of scanned 

XCT HU values be employed as an NDT method to manually detect defects in joints? 

¶ To answer this question, the following tasks are performed.  

a. The joints produced in answering research question 1 are scanned using 

XCT.  

b. A methodology based on the Otsu global thresholding method is developed 

and tested.  
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c. The resulting X-ray images are thresholded and using the developed method 

thus enabling the characterization of the internal defects present and the 

material mixing in the weld zone.  

d. The results of the XCT non-destructive evaluation technique are compared 

to the results obtained via destructive methods.  

Research Question 3: When characterizing metals and their alloys, what is the relation 

between XCT scanning parameters (i.e., X-ray probe voltage and current, voxel size, 

sample thickness, etc..) and the resulting measured HU values (and standard deviation 

values). 

¶ To answer this question, the following tasks are performed.  

a. A selection of metals having low and high atomic numbers are XCT scanned 

under different XCT scanning conditions.  

b. HU measurements of all metals are recorded for an internal volume at the 

center of each sample.  

c. Averaged HU measurements and their STDV values are plotted, and trends 

are extracted.  

d. ML and ANN-based methods are implemented to generate a predictive 

model of the mean HU using XCT parameters as input.  

Research Question 4: When characterizing metallic alloys, what is the relation 

between the alloyôs elemental composition and its HU value? Can this relation be 

reliably modeled via a weighted average mixture relation? 

¶ To answer this question, the following tasks are performed.  

a. A selection of 12 aluminum alloys having different compositions are 

scanned via XCT at three thickness levels.   
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b. HU measurements of all metals are recorded at the optimal scanning 

conditions found in research question 3.  

c. The relation between the elemental composition and the mean HU 

measurements is modeled using the weighted average mixture relation. 

d. ML and ANN techniques are used to improve the mean HU predictions 

obtained in step c. 

Research Question 5: Utilizing the answers to the above research questions, can a deep 

learning-based model be developed to automatically characterize the defects and mixing 

zone composition of dissimilar friction stir welded (DFSW) joints (e.g.  AA6061 and 

AZ31b joints)? 

a. 20 DFSW welds are manufactured from AA6061/AZ31b plates.  

b. The welds are scanned using XCT to generate a database of cross-sectional 

images of the weld zone.  

c. The database is used to train, validate, and test DL networks. 

d. The performance of the networks is evaluated and compared to each other.  

 

1.5 Dissertation outline  

This dissertation consists of nine chapters and seven manuscripts. Chapter 1 is an 

introduction to the importance, relevance, and objectives of this work. Chapters two and 

three aim to answer research questions one and two regarding the fabrication of DFSW 

welds, and the manual segmentation of defects and material mixing in the wel zone. 

Chapter 2 tackles the DFSW of AA6061/AA1050 and focuses on internal defect 

detection, while Chapter 3 focuses on defect and mixing evaluation in dissimilar 

AA6061/AZ31b welds.  
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Chapters 4 and 5 focus on answering research question three exploring the relation 

between XCT scanning parameters and the resulting measured HU values. Chapter 4 

focuses on direct measurement and extracting trends in the data for different metal 

alloys. Chapter 5 focuses on modeling the observed trends using statistical (linear 

regression, ML (KNN and random forest), and ANN methods.  

Chapters 6 and 7 answer research question four regarding the nature of the relation 

between the elemental composition of an alloy and the recorded HU measurements for 

that alloy, and methods to model this relation. Chapter 6 focuses on answering the 

question using the weighted average mixture relation. Chapter 7 presents the results of 

implementing ML, and ANN methods to obtain more accurate predictions of the HU 

measurements based on elemental composition information.  

 Chapter 8 presents the answer to the final research question regarding the 

development of a DL model for the automatic evaluation of defects and material 

mixing. Finally, Chapter 9 presents the highlights and conclusions of all previous 

chapters and outlines recommendations for future work.  
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Abstract  

Based on computed tomography (CT), a method is developed for nondestructive 

detection of defects in friction stir welded (FSW) joints. Plates of AA6061 and AA1050 

are welded to produce short lap welds. Used is spindle speed of 1600 rpm and fifteen 

different tool feeds ranging from 25 to 1000 mm/min (dubbed welded cases #1 to #15). 

These joints are CT-scanned and DICOM images are produced for digitally sectioned 

zones within the welded joints. To demarcate metallic zones from defects, a threshold 

cutoff value for Hounsfield Unit (HU) is needed to create 2D segmented masks 

demarcating the periphery between metal pixels from air pixels. Otsuôs thresholding 

selection method from gray-level histograms is utilized for this purpose. These cutoff 

values are found to vary slightly from one welded joint to another. From the 2D masks, 

3D representations of the welded joints revealed the shapes, location, and respective 

volumes of the detected defects. Cross-sectioning welds is employed as destructive test 

to corroborate the locations and areas of CT-detected defects. Compared are the results 

of assessment of defect areas based on pixels from CT-scans and from optical images 

by computer vision (CV).  
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2.1 Introduction  

FSW is a relatively new [5] method for joining metals based on the plastic stirring 

action between the tool and the workpiece. This process has been used to weld a wide 

range of materials including copper, bronze [45], aluminum, polymers [46], magnesium 

[47], and steels [48]. FSW has many advantages over traditional welding techniques. Its 

ability to weld dissimilar metals has made FSW especially sought after in the 

automotive industry where there is a need for steel to aluminum welding [49].  

In order to assess the quality of welds produced by FSW, several techniques are 

used including numerical [50] simulations. Of the physical tests, destructive tests are 

most common but they require destroying the joint. Examples include tensile strength 

testing such as the ones carried out by Sharma et al. [51] to evaluate the strength of 

dissimilar Al /Mg welds. Hardness tests were employed by Ghoghery et al. [52] to 

assess the quality Ti / Al welded plates. The elasticity of the welds can also be measured 

[53] to determine changes in sample elongation. Singh et al. [54] conducted micro-

structural analyses on friction-welded magnesium alloy AZ61 plates to reveal the 

different weld zones. 

Nondestructive techniques (NDTs) preserve joint integrity; therefore, they are 

desirable for detecting the presence of internal defects and extracting information such 

as location and size. In FSW, such internal defects may include [55] wormhole defects 

that are characterized by an internal tunnel running parallel to the weld length, and 

scalloping defects that are a series of voids at regular intervals across the weld length. 
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Other defects that are visible but can be further analyzed by NDTs are ribbon flash 

defects and surface lack of fill defects. 

NDTs are used to evaluate products in many manufacturing processes. 

Clémence et al. [56] analyzed the microstructure of aluminum foam using X-ray 

tomography to determine foam density, size of the struts, pores, and phase distribution. 

Moura et al. [57] used nondestructive gamma-ray CT and transmission measurements to 

detect the presence of discontinuities in welded steel tubes and were able to detect weld 

discontinuities from 0.3mm - 13mm. Plessis and Rossouw [58] employed micro CT 

analysis on titanium aerospace investment castings to determine wall thickness and 

were able to detect defects ranging in size from 2 to 100 mm2. Zheng et al. [59] used 

thermal neutron radiography and X-ray CT to detect the presence of defects in hemmed 

aluminum joints. X-ray CT allowed for the detection of smaller features due to its 

higher resolution (voxel size of 125um3). Hermanek and Carmignato [60] studied the 

representational accuracy obtained by CT scans using a calibrated object in aluminum 

using 72 imposed machined defects. CT scans were carried out and the representational 

accuracy was evaluated based on multiple standards and compared to numerical 

simulations. Using specially resolved small-angle X-ray scattering, Dumont et al. [61] 

analyzed AA7449 FSW joints and were able to reveal the microstructure as well as the 

different welding zones. Egan et al. [62] developed an ñinstrument with the ability to 

spatially resolve energy-dispersed X-ray powder diffraction patterns taken in a single 

snapshotò. To assess the instrument accuracy, an Al7050-T6 bead-on-plate friction stir 

welded plate was used as a test sample. The instrument was able to detect the different 

crystalline phases and textures inside the weld. Santos and Santos [63] compared the 

usage of X-rays with ultrasonic C-scans and ultrasonic guided waves to detect the 
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presence of void defects in FSW welds. Their findings show that both X-rays and 

ultrasonic waves can be used to detect the presence of such defects, however, surface 

defects of the welds can cause erroneous spots for ultrasonic wave transmission. 

Tabatabaeipour et al. [64] used immersed oblique ultrasonic C-scans to detect the 

presence of root flaw defects using an empirical method to determine the vertical offset 

distance rather than the traditional theoretical method. The weld is scanned using the 

transducer/receiver unit and the backscatter is then analyzed to determine the 

boundaries of the weld zones TMAZ, HAZ, and the nugget zone, then defects present in 

the nugget zone are recorded. Schaff et al. [65] employed a grating-based CT to analyze 

the microstructure of three samples of aluminum alloys, this method allows welds to be 

analyzed at a lower resolution than it would be needed for traditional X-ray tests to 

yield similar results. The results from the grating CT were analyzed and compared to 

ones obtained from traditional optical microscopic analysis that showed matching 

results.  

In this work, fifteen short lap welds of AA6061 / AA1050 are fabricated and then 

scanned using an X-ray CT scan. The commercially available software MIMICS (from 

Materialize) was employed to segment the welds in order to segregate pixels of material 

according to their HU value. From 2D masks and corresponding 3D rendered volumes, 

it was possible to determine the quality of the welds by recording the location and size 

of the defects present. The findings were then verified by comparing defect areas to 

those revealed from destructive testing by cross-sectioning of joints. To illustrate the 

NDT capability of this technique, the analysis of three representative welded joint cases 

with different defect scenarios are presented. 
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2.2 Experimental 

In this Section, discussed will be the composition of the aluminum alloys, the friction 

stir welding setup, and the CT setup and parameters utilized in this work. 

 

2.2.1 Materials 

Lap joints are made by FSW of aluminum AA6061 and AA1050 plates with 

dimensions of 100x100mm and 1.5 mm (1/16ò) thick placed on top of each other 

(AA6061 on top). The compositions of these two alloys are listed in table 2.1. 

 

Table 2.1: Elemental composition of the aluminum alloys 

  Element Al  Mg Si Ca Cr Fe Ti 

AA 

6061 

% 

weight 
98.51 0.88 0.44 0.03 0.03 0.1 ND 

AA 

1050 

% 

weight 
99.89 ND ND 0.03 ND 0.05 0.03 

 

2.2.2 Friction stir welding setup 

The welding setup consisted of a HAAS VF-6 5-axis CNC milling center 

equipped with a rigid fixture to hold the plates during welding. The plates were placed 

on top of each other and held tightly in the fixture in preparation for lap welding. The 

tool used was made of heat-treated SVERKER 21 tool steel having a pin diameter of 

6mm, pin length of 3mm, and shoulder diameter of 12mm. A dimensioned detailed 

drawing of the tool and a photograph of the tool are shown in figure 1(left) and (right), 

respectively.  
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Figure 2.1: FSW tool (left) sketch showing the shape and dimensions, (right) 

photograph of the tool. 

 

Hamade and coworkers [66] friction stir welded AA6061 utilizing spindle speed 

of 1600RPM and feeds of 750 and 1000 mm/min producing good quality welds. 

Hamade and coworkers [67] used spindle speed of 1400RPM in welding AA6061 and 

AA1100 to AZ31B with plate thickness of 3mm, plunge depth of 2.9mm (0.10 mm 

engagement depth) resulting in good mixing. Kulekci et al. [68] performed FSW welds 

of AA6061-T6 plates with thickness of 5mm, FSW pin with length of 4.85mm (0.15 

mm engagement depth), spindle speed of 1600RPM, and feed of 200mm/min. Here, 

spindle speed of 1600RPM and 0.05 mm engagement depth was utilized. Fifteen 

different feeds were used (table 2.2) resulting in 15 welded cases (dubbed cases #1 

through #15). Each weld length is 22 mm center-to-center. 
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Table 2.2: Tool feed values used for welds #1 through #15 

Weld 
Case # 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Feed 
mm/min 

250 500 750 1000 25 50 100 150 200 15 400 600 900 800 30 

 

Shown in figure 2.2(left) is a photograph of the FSW setup showing on the tool 

and the plates held in the clamping fixture. Figure 2.2(right) is a CAD rendering showing 

the tool and the welded joints. 

 

 

 

Figure 2.2: FSW setup: (left) photograph showing the tool and the plates held in the 

clamping fixture; (right) CAD rendering showing the tool and the welded joints. 

 

Figure 2.3 shows photographs of the welded lap joints (left) cases #1-8 and 

(right) cases #9-15. 
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Figure 2.3: Photographs of (left) cases #1-8 and (right) cases #9-15. 

 

2.2.3 CT setup and scans 

The scans were performed using a Philips/iCT 256 CT machine operating at 

KVP of 120 kV and X-ray tube current of 293 mA. Scans were set at slice thickness of 

0.67mm and spacing between slices of 0.335mm resulting in 692 slices (DICOM files). 

The resulting pixel in XY spacing is 0.2604 mm and in Z of 0.3293 leading to a voxel 

size of 0.0223 mm3. The CT images were analyzed and converted into segmented 

masks and to 3D models using MIMICS Research (from MATERIALISE, 

TECHNOLOGIELAAN 15, 3001 LEUVEN, BELGIUM). 

 

2. 3 CT Thresholding and segmentation 

In order to demarcate the periphery or boundary between metal (here aluminum) 

and air, it is necessary to determine a suitable HU threshold cutoff value. Such a value 

will allow for creation of properly demarcated masks and 3D models and for accurately 

determining the position and volume of the present defects. Zheng et al. [59] reported 
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average HU values for air and Al as -1000 and 1900HU, respectively and that multiple 

factor (e.g., setup parameters and scanned object geometry) will affect these values and 

can lead to saturation of the scale. For the purpose of this work, the HU scale (-1014 to 

3074) discerned by the CT scan is divided into two segments: one for Al and another for 

air. Only air and Al are present in the samples therefore it was decided to use the upper 

and lower limits of the scales in addition to an appropriate intermediate HU value to 

serve as a threshold. This threshold value cannot be the same as average HU value for 

Al since doing so will exclude periphery pixels that are part Al and part air that will lead 

to internal defects being represented larger than they really are. Conversely, selecting 

the air value HU average value as the threshold limit will significantly reduce the size of 

any internal defects and affect accurate position detection as well. Due to the limit of 

the representational accuracy of the CT machine utilized, some pixels at the boundary 

between the two different materials will have both air and Al represented in them. These 

óintermediateô (periphery or boundary) pixels will have an HU range that is intermediate 

to that of pure Al and pure air. Therefore, the intermediate aspect of the threshold and 

the need to assign one is stressed once again. The following explains how the suitable 

HU threshold value is determined. 

Otsuôs segmentation method [38] is based on a gray-level histogram of the 

image and is appropriate for thresholding images into two regions, that is the case in 

this work. The threshold value determined by Otsuôs method is found such that the 

separation of the foreground and background is maximized. First, an area representing a 

periphery region between aluminum and air is selected so that this region has a 

relatively complex geometry and, therefore, contains numerous intermediate pixels. 

Otsuôs method is applied to the selected area to determine the appropriate threshold. A 
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suitable region in weld case #6 was selected as figure 2.4(a) shows a top view of a 

metal/air boundary section of a ribbon flash defect. As can be seen in figure 2.4(b), the 

boundary has triangular overall shape with a dull rounded tip. Figure 2.4(c) shows the 

CT image of weld case #6 with the area where the Otsu segmentation was applied. 

Figure 2.4(d) shows the threshold material mask applied to the zoomed-in test area. 

 

      

  

  

Figure 2.4: HU analysis used to determine the HU threshold: (a) top view photograph of 

the location of the defect, (b) front view photograph of the defect, (c) CT scan of the 

area selected in the rectangle, (d) threshold material mask applied to the test area 

(showed zoomed in). 

 

Figure 2.5 shows the histogram of the HU intensity for the selected area revealing 

that two peaks are present at about -1000HU and 2500HU that represent the air pixels 

and metal pixels, respectively. Applying the Otsu procedure resulted in a threshold value 

of 748HU. 
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Figure 2.5: Histogram plot of the HU values for the pixels in the selected thresholding 

area. The resulting cutoff HU value of 748 is also shown. 

 

To monitor the implications of the 748 HU as cutoff value for periphery pixels, 

fourteen probe lines are drawn from the periphery of the 748 HU threshold mask 

outwards. The probe lines are shown in figure 2.6 (top) numbered from 1 to 14. The 

measured HU values of the arrowed lines are shown in figure 2.6 (bottom). Figure 5 

(bottom) shows that within 1 pixel length all HU values decrease in a fairly linear fashion 

from the 1900 HU value (Al) as well as the selected threshold of 748 HU toward negative 

HU values (air). This indicates that the 748 HU is a suitable threshold value since within 

one pixel (minimum element that the mask is created from) the HU values transition from 

all-metal pixels to all-air pixels. Therefore, two masks were created for each weld: Al 

material mask with HU range of 748 to 3071 (blue) and air-containing defects mask with 

HU range of -1024 to 748 (violet) (as will be seen below in figs. 2.7, 2.8, 2.13, 2.14, 2.19). 
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Figure 2.6: HU values variation within one pixel distance (top) 14 probe lines 

emanating from the periphery of the 748 HU threshold mask outwards, (bottom) HU 

value curves along probe lines. 

 

2.4 CT scans: Segmentation and volume quantification of defects  

To determine the defects volume, 3D models had to be created from properly 

segmented 2D masks. To analyze and quantify the defects of the weld cases, material 

and defects masks are generated for each weld case. Then, two 3D models are created: 
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one is the material model corresponding to the material mask (blue), and another is a 

defects mask (violet). The renderings of these two 3D models may be shown overlaid 

(such as in figure 2.7(d) below). Of the fifteen welded cases, three representative weld 

cases are analyzed in this Section: cases #2, #13, and #11. Weld case #2 mainly 

represents a wormhole defect, weld case #3 represents a scalloping defect, and weld 

case #11 does not contain any observable defects. Having generated 3D models for each 

case, volumetric analysis is performed showing the location and size of each defect 

present in the welds. 

For corroboration, the CT longitudinal section showing the defect is compared to an 

image of the cross sectioned welded specimen cut at same location. To reveal the masks 

within each welded joint, constructed are a longitudinal cross-section (A-A) and another 

transverse cross-section (B-B). This is done to confirm the presence of defects as 

detected by the CT-scans. Defect locations of the voids are measured as distance from a 

pronounced weld feature (e.g., edge of the plate or the centerline of an adjacent weld). 

This distance is then used to accurately locate the where the sample should be cut for 

cross sectioning. The welded joints are then cut using an accurate saw and 

ground/polished to the exact defect location. Having located defects, high-resolution 

photographs are taken of the longitudinal sections.  

 

2.4.1 Weld case #2 

Figure 2.7 shows metal and void masks and section A-A and B-B locations in 

weld case #2. Three defects are present in this case: two wormhole defects and one 

surface lack of fill defect. The two wormhole defects are aligned with each other and 

are of comparable size and cross-sectional area. 
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Figure 2.7: Views of CT scans for weld case #2 (a) top view, (b) front view of 

longitudinal section A-A, (c) side view of transverse section B-B, (d) 3D isometric view 

of the 3D model. 

 

The 3D rendering in Figure 2.8 reveals the internal defects (excluding exit hole) 

with their volumes and types listed. The surface lack of fill defect (defect #1) has the 

largest volume while the two other defects are of smaller volumes. Defects #2 and #3 as 

identified in figure 8 are selected for destructive cutting along section A-A.   

 

Weld case #2: top view of the 3D model rendering 
Defec

t # 

Volum

e 

(mm3) 

Defect 

type 

 

1 9.93 

Surfac

e lack 

of fill  

2 3.07 

Worm 

hole 

defect 

3 2.47 

Worm 

hole 

defect 

Figure 2.8: Top image of the 3D model indicating the defects along with volume and 

defect type. 
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Figure 2.9 (a) is a photograph of the physical A-A cross-section revealing the 

defect. The location of the defects is in accordance with those revealed by the CT raw 

scan in figure 2.9 (b) and the segmented scan in fig 2.9(c). Figure 2.9 (a) shows smaller 

sized pinhole defects outside of and at the bottom of the larger body of the wormhole 

defect. Examining figure 2.9 (c) reveals that these defects were incorporated into the body 

of defect #2 due to the limited resolution of the CT machine. These pinhole defects sizes 

are at the same scale of one pixel and are located within 1 or 2 pixel lengths from the 

body of defect #2. Due to HU value interpolation by the CT, this location proximity 

greatly affects the HU value of the periphery pixels in this case and, therefore, they all 

appear in figure 2.9 (b) and (c) as one large defect rather than separate smaller defects. 

 

 

 

 

Figure 2.9: Section A-A in weld case #2 overlaid with the location for HU line-scans: 

(a) high-resolution photograph, (b) CT-scan, (c) segmented CT-scan. 

 

Figures 2.9 (a), (b), and (c) also show the location of the 9 probe lines (numbered 

from 1 to 9 from bottom to top) used to plot the HU curves shown in figure 10. The peaks 
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and valleys of the lines shown in figure 2.10 (top) and (bottom) are consistent with the 

location of the defects in all lines that exhibit a sharp increase in HU values as they exit 

defect #2 followed by a decrease in HU values as the probe lines enter defect #3. The HU 

values for the probe lines (mainly probe lines #1 and 2) that are the farthest away from 

the defects show nearly constant HU values excluding the drop due to the exit hole.  

 

 

 
 

Figure 2.10: HU value plots for weld case #2 overlaid on the cross-section of (top) 

image, (bottom) CT scan. 

 

Otsu thresholding was again applied to section A-A excluding the exit hole. 

Figure 2.11 shows the CT raw scan where the thresholding was taken. Figure 2.11(top) 

shows the section where the thresholding was applied while (bottom) shows the section 

with the pixels above the threshold of HU value =741 shown as a blue mask.  
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Figure 2.11: Otsu HU thresholding application: (top) the section where the thresholding 

was applied, (bottom) pixels above the threshold of 741 are shown as blue mask. 

 

Figure 2.12 shows the histogram of the HU values of the section shown in figure 

2.11(top). This further confirms the used threshold of HU value =741. The threshold 

obtained had a value of 741HU which is within less than 1% difference of the initial 

threshold in Section 3. The new threshold value resulted in three pixels being added to 

the materials mask in figure 2.11 as compared to if the initial cutoff value was retained. 
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Figure 2.12: Histogram plot of the HU values for the pixels in the section of Figure 

2.11. The resulting cutoff HU value of 741 is also shown. 

 

2.4.2 Weld case #13 

In weld case #13, only one small internal defect (small chip lack of fill) was 

identified near the middle of the weld. Figure 2.13 shows three CT views of the sample. 

Figure 2.13(a) also shows the locations of sections A-A and B-B where the defect was 

detected.  Figures 2.13 (b) and (c) also show the sections in the other two views. Figure 

2.13(d) shows the 3D model renderings of the weld case showing a nearly intact weld 

except for one small surface lack of fill defect. 
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Figure 2.13: Views of CT scans for weld case #13 (a) top view, (b) front view of 

longitudinal section A-A, (c) side view of transverse section B-B, (d) 3D isometric view 

of the 3D model. 

 

Figure 14 shows a front view of the 3D model. The volume of the chip lack of fill 

is 0.29mm3 as recorded by the software. Section A-A shown in figure 2.13 (a) and figure 

2.14 is set as the location of the destructive testing. 

Figure 2.14: Top image of the 3D model indicating the defects along with volume and 

defect type. 

 

Figure 2.15 (a) shows the photograph of section A-A where the chip defect was 

detected during the destructive testing. While the location of the defect is accurate as can 

 

Defect 

number  

Volume 

(mm3)   

Defect 

type 

1 2.48 

Surface 

lack of 

fill  

2 0.29 

Chip 

lack of 

fill  
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be seen from figure 2.15(a) and (b) the pixels representing the defect have an area that is 

significantly larger than that of the defect this is due to the limited resolution of the CT 

machine used.  

Figure 15 shows the lines used for the HU plots, the lines are numbered 1 to 7 top 

to bottom. The lines are also overplayed on top of the real section in figure 2.15 (a) after 

appropriate scaling, positioning, and alignment.  

 

 

 

 
Figure 2.15: Section A-A in weld case #13 overlaid with the location for HU line-scans: 

(a) high-resolution photograph, (b) CT-scan, (c) segmented CT-scan. 

 

Figure 16 shows the HU values that correspond to the probe lines in figure 15. In 

fig 16(a) and (b), most lines show a significant drop in HU values at the position 

corresponding to the defect. Other lines (except #1) show a smaller dip at the same 

location.  
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Figure 2.16: HU curves for weld case #13 overlaid on the cross-section of (top) image, 

(bottom) CT scan. 

 

Once again Otsu thresholding was applied to section A-A (excluding the exit hole) 

to confirm the previous HU thresholds. The section area was selected to be the same as 

the one in figure 2.15 (b) and (c).  
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Figure 2.17: Otsu HU thresholding application: (top) the section where the thresholding 

was applied, (bottom) pixels above the threshold of 784 are shown as blue mask. 

 

For the section considered in this weld case, an HU threshold value of 784 was 

obtained from the HU histogram plot shown in figure 2.18 (corresponds to HU values for 

the pixels captured for the section in figure 2.17). This HU cutoff value is not far off from 

the initial value of 748 HU (%difference = 4.8%) found in Section 3. 
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Figure 2.18: Histogram plot of the HU values for the pixels in the section of Figure 

2.17. The resulting cutoff HU value of 784 is also shown. 

 

 

2.4.3 Weld case #11 

For weld case #11, Figure 19 shows three views of a CT scan (from Mimics) of 

the weld along with a 4th isometric view of the 3D model. Figure 19 (a) also shows where 

the cross-sections are taken. As before, section A-A is used to mark the location for 

destructive cutting. In the sections shown in figure 19 (b) and (c), notable features are the 

exit hole and the top and bottom surfaces of the weld. The weld case did not contain any 

defects as demonstrated in the 3D model shown in figure 19 (d). 
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Figure 2.19: Views of CT scans for weld case #11 (a) top view, (b) front view with 

longitudinal section A-A, (c) side view with transverse section B-B, (d) 3D isometric 

view of the 3D model. 

 

Figure 2.20 (a) is a photograph of the defect-free cross-section A-A. Figure 2.20 (b) 

and (c) show the CT scan along section A-A and the corresponding mask that appears 

intact and devoid of internal defects. The 9 probe lines (numbered from 1 to 9 from bottom 

to top) extended so as to cover most of the length of the sample. 

 

 

 
Figure 2.20: Section A-A in weld case #11 overlaid with the location for HU line-scans: 

(a) high-resolution photograph, (b) CT-scan, (c) segmented CT-scan. 
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Figure 2.21 shows the HU values for the probe lines. The lines do not present any 

sudden variations, however, lines #1 and #2 exhibit a decreasing trend in HU values from 

left to right (over a distance range of 7mm to 15mm). 

 

 
Figure 2.21: HU curves for weld case #11 overlaid on the cross-section of (top) image, 

(bottom) CT scan. 

 

2.5 Defect area estimates: CT versus computer vision 

Comparisons were made between the values of defect areas as calculated from 

processed CT scans versus those calculated via computer vision of physically cut cross-

sectioned welds.  

These comparisons were made at section A-A shown in figures 7 and 13, 

respectively, for weld cases #2 and #13. To determine the threshold for the cross-

sectioned image via computer vision, Otsu thresholding is applied once again.  The 

images of the cross-sections are of type 8-bit (0 to 255 grey units). The application of 

the Otsu thresholding method was accomplished as:  

1- Image imported to MATLAB using the ñimreadò built-in function. Since the image is 

of type 8-bit the result is a matrix of type UInt-8.  
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2- The matrix is used to determine the threshold for material/void boundary pixels using 

the MATLAB function ñmultithreshò which calculates the foreground background 

boundary based on the Otsu thresholding method and outputs a threshold value. 

For weld case #2, the Otsu thresholding histogram (not shown) yielded a cutoff 

value of 155 grey units (0 to 255 grey units). Pixels with sub-threshold HU values 

represent defect areas (voids) and are shown as white pixels in figure 2.22. The 

calculated area for the cross-sectioned image (fig 2.22(top)) is found to be 3.4345 mm2 

compared to 10.9255 mm2 for the processed CT section (fig 2.22(bottom)). Due to the 

limited resolution of the available CT, the CT area is about three times that of the cross-

sectioned image. 

 

 

 

Figure 2.22: Cross-section area comparison for weld case #2: (top) computer vision; 

(bottom) CT pixels with sub-threshold HU shown in white. 
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Figure 2.23: Cross-section area comparison for weld case #13: (top) computer vision; 

(bottom) CT pixels with sub-threshold HU shown in white. 

 

2.6 Conclusions  

This work explored the utilization of computed tomography (CT) as a 

nondestructive tool to detect defects in friction stir welded joints. CT scans of lap FSW 

joints of two different grades of aluminum alloys were conducted. In order to demarcate 

voids from metal, a method for segmentation to determine the appropriate threshold 

based on the Otsu segmentation technique was implemented. Once an appropriate HU 

threshold cutoff value was determined, demarcation of the metal/defect boundary was 

implemented. Of fifteen welds performed, one was found to be defect-free without the 

need for analysis. Two other defect-containing welds are analyzed using this 

nondestructive technique. The analysis successfully identified locations and types of 
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existing defects. 3D models extracted from segmented masks of air-filled defects 

allowed for estimating the volumes (mm3) of the found defects. Furthermore, the 2D 

areas (mm2) of these defects were compared to computer-vision-analyzed images taken 

from cross-sections cut longitudinally along the FSW joint. A limitation of the 

technique was identified as the resolution of the available X-ray machine. Perhaps 

improving pixel/voxel size definition in CT setup with finer resolution will enhance the 

CT-estimated defect area values. 
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Abstract  

As a non-destructive evaluation method for friction stir welded joints, this research 

aims to develop and corroborate a method for material flow analysis and defect 

detection based on X-ray computed tomography (X-ray CT). Using a cylindrical FSW 

tool with a broad shoulder, joints of dissimilar materials AA6061-T6/AZ31b are friction 

welded employing tool rotary speed ranging from 1000 to 1500 RPM and tool feed 

from 125 to 400 mm/min. The welded joints are scanned via X-Ray CT with an image 

bit depth of 16-bit then segmented based on the Hounsfield Units scale (HU) and the 

global Otsu thresholding method. This segmentation divides the DICOM images into 

masks for each different material, from which 3D renderings are generated to record 

volumetric data. For analyzing elemental mixing, measurements of material penetration 

and transfer are carried out. Corroborating these results was accomplished using 

destructive cross-sectioning and Energy Dispersive X-ray Spectroscopy (EDX). The 

results show that this method can detect internal defects and characterize the material 

mixing with results comparable to that of destructive EDX analysis. The effect of 
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improving scan resolution on reconstructed images was shown to slightly improve the 

accuracy of the thresholding method while reducing the standard deviation of 

segmented material ranges. 

 

3.1 Introduction  

Friction stir welding (FSW) is a novel welding technique. This process uses a blunt 

rotating tool that passes along the weld length, and by causing enough shearing action, 

the tool joins the two workpieces together [69]. One of the notable advantages of this 

welding method is that it applies to a multitude of materials including steel, aluminum, 

magnesium, and titanium, among others, and can join workpieces of the same or 

different materials [70]. Of these materials, the aluminum alloy AA6061 and the 

magnesium alloy AZ31b are among the most used in FSW. Non-destructive testing 

(NDT) has been employed to evaluate FSW joints to detect internal defects whose 

presence in a weld can drastically reduce its strength. There are multiple types of 

internal defects each having a unique geometry, such as kissing bond defects, wormhole 

defects (channeling), and lazy-s defects [71]. One of the techniques that can be used to 

detect these defects is X-ray CT [31]. The evaluation of material mixing is, however, a 

more laborious task since the evaluation technique must be able to detect the changes in 

physical properties of the materials such as radiodensity when considering X-ray-based 

techniques [72].  

This research aims to develop, test, and corroborate a method for material flow 

analysis and defect detection based on X-ray computed tomography (X-ray CT). The 

proposed method can be potentially applied to non-destructively evaluate parts 

produced by manufacturing processes that join dissimilar materials. In this work, the 
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methodology is applied to the dissimilar friction welding of AA6061T6/AZ31b joints. 

The welded samples are then analyzed using the proposed NDT X-ray CT method. 

Scans are then segmented using the global Otsu thresholding method [38] into masks 

for each different material, and 3D renderings are generated. Measurements of material 

penetration and transfer are carried out and corroborated using destructive cuts and 

Energy Dispersive X-ray Spectroscopy (EDX) analysis. The importance of this method 

lies in the effect that proper mixing imparts on the mechanical strength of FSW welds. 

The proposed NDT technique allows for the evaluation of material mixing, a 

characteristic of dissimilar friction stir welds that goes often underreported. 

 

3.2 Materials and methods 

3.2.1 FSW setup and materials 

The materials used in this research are AA6061-T6 and AZ31b. The 

concentrations of magnesium in the AA-6061 alloy as well as the concentration of 

aluminum in the Az31b alloy were determined using energy dispersive x-ray analysis 

(EDX). The AA-6061 showed a percentage concentration of 0.88% magnesium by 

weight, while the AZ31b alloy had a 2.52% aluminum by weight.  

 These materials were selected mainly because of the authorsô FSW experience 

with aluminum and magnesium alloys [66], [73]. Another motivation is that these 

materials exhibit a measurable difference in their radiographic response when subjected 

to X-ray CT making it easier to differentiate these two materials in X-ray CT images. 

Welding was performed using a HAAS VF-6 5-axis milling center, to which a custom-

built FSW fixture is attached. The plates are FSWôed in a butt weld configuration.  
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 The FSW tool used for this work was a conventional cylindrical pin tool with a 

pin length of 2mm and a pin diameter of 3mm (Figure 3.1).  

 

 

Figure 3.1: Employed FSW tool: (left) photograph and (right) tool drawing with key 

dimensions. 

 

3.2.2 X-ray CT setup  

 The X-ray CT scans are performed using a Philips/iCT 256 CT machine, at a 16-

bit depth such that the sample is placed on a leveled table supported only at the corners 

such that the weld is in direct contact with air and not any other material. The scanning 

is conducted in the direction of the z-axis of the scanning machine. The X-ray CT 

machine parameters are presented in table 3.1.  

To characterize the mixing and detect internal defects in the weld zone, it is necessary 

to segment the raw DICOM images into regions corresponding to each material 

exclusively. In this work, this is accomplished by utilizing the HU scale [26] and the 

Otsu thresholding method [38]. The segmentation was applied on all cross-sections of 

the weld for the entire weld length to obtain average thresholds that can be applied to 

any cross-section individually and give accurate results. This analysis is performed 

twice, first using the original DICOM images, and a second time using a high-resolution 



 

 64 

reconstruction of the images. The reconstruction was performed to study the effect of 

higher pixel resolution on the NDT analysis with the pixel size set to 50 microns. The 

Otsu thresholding was then reapplied. 

 

Table 3.1: X-ray CT scanning parameters. 

 

 

3.2.3 SEM/EDX characterization parameters 

To corroborate the CT NDT results, an SEM (MIRA3 by TESCAN) with an 

attached EDX head (20mm2 detector developed by OXFORD INSTRUMENTS) is 

employed with the characterization parameters listed in Table 3.2. 

 

Table 3.2: SEM/EDX key parameters. 

Parameter  
Field of 

View 

Interaction 

area  
Resolution Voltage Current  

Scan 

time 

Chamber 

pressure 

value 
7-7.5 

[mm] 
72 [nm] 7 [nm] 

5 - 7 

[KV]  

119e-3 

[nA]  
30 [s] 

86.114E-3 

[Pa] 

 

Defect verification was performed by utilizing the high-resolution images of the 

SEM in conjunction with analyzing the position and shape of the detected peaks. 

Furthermore, for the elemental mixing analysis, two methods were used whereby the 

concentrations of magnesium and aluminum atoms were tracked and compared against 

those obtained by the NDT analysis. The first method is performed by using the 

spectrum points arranged in an orthogonal grid of size 15x25. At each element, a 30-

second EDX scan is performed to obtain the elemental composition at that position. To 

determine the degree of material penetration and transfer, the results are compared to 

Parameter  
Field of 

View 

Slice 

Spacing  

Slice 

thickness  
Voltage Tube Current 

value 125[mm] 0.335[mm] 0.67[mm] 120[KV] 293[mA] 
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the baseline (reference) composition of the pure alloys. The second method is via the 

ñMAPPINGò function available in the MIRA EDX software. The mapping analysis was 

stopped at a point count of 50000.  

 

3.3 FSW experiments 

The FSW parameters used to produce each weld are presented in table 3. Six welds 

were produced at different feed/speed combinations and employing different 

orientations and plunge depths. The best weld sample was determined to be sample (e). 

No cracks were visible and a good surface finish was achieved. However, ribboning 

features were noticed on the edges of the weld due to the selected plunge depth. Sample 

(e) (Figure 3.2) was selected for the NDT analysis below.  

 

Table 3.3: FSW parameters used for welding the sample shown in figure 3.2. 

 Parameters 

Sample 
Speed 

[RPM] 

Feed 

[mm/min] 

Plunge depth 

[mm] 
Advancing retracting 

a 1000 400 1.95 AZ31b AA6061-T6 

b 1200 300 2 AZ31b AA6061-T6 

c 1200 125 2.1 AA6061-T6 AZ31b 

d 1400 250 2 AZ31b AA6061-T6 

e 1400 300 2 AZ31b AA6061-T6 

f 1500 333 2 AA6061-T6 AZ31b 



 

 66 

 
 

      Figure 3.2: Photograph of weld sample (e). 

 

3.4 NDT experiments  

The resulting HU histograms for sample (e) are shown in figure 3.3. A trimodal 

distribution is observed for both original and reconstructed images. The peak 

corresponding to air voids at -1000HU is significantly smaller than the two other peaks 

that correspond to magnesium and aluminum. This is indicative of the absence of 

internal defects with the small peak seen on the left side of the figure (at -1000HU) is 

related to the exit hole of the weld. For the original images, the recorded HU mean 

values for both alloys are 483 HU and 1689 HU respectively for AZ31b and AA6061-

T6, with the Otsu thresholding resulting in a threshold value of 1082 HU (with 

reliability measure = 0.871). For the reconstructed images, the histogram shows a more 

gradual distribution around the peaks. This is due to the increased pixel density 

resulting in more elements spanning the HU range for each segment. The mean HU 

values for magnesium and aluminum are located at 497 and 1695, respectively. The 

calculated HU threshold value is 1091 (with reliability measure = 0.890). The HU 
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threshold varied by 0.831% from the value obtained from the thresholding of the 

original images (reliability measure improved by 2.18%). 

 

Figure 3.3: Otsu HU histogram of sample (e). Gray: histogram of the reconstructed 

cross-sections. Dark: histogram of the original cross-sections. 

 

Figure 3.4 shows the original and reconstructed cross-section A-A of the weld as 

well as the tool outline. For the original cross-section (figure 3.4 (top)) the material 

mixing analysis shows an oblique interface with the AZ31b penetration into the 

Aluminum alloys taking place at about 1mm below the top of the plate, the maximum 

penetration of the AA6061-T6 into the magnesium alloy taking place at 0.3mm from the 

top of the plate. The maximum penetration depth for this cross-section is 0.6mm from 

the weld centerline for both alloys. No defects were detected in the weld, aside from a 

small tunneling defect connected to the exit hole that penetrated 3mm into the weld. 

Figure 3.4 (bottom) shows the reconstructed cross-section A-A of sample (e), the 

mixing interface between the materials has the same rough shape as the original cross-
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section, however, near the bottom half of the sample more AZ31b penetration is 

observed. The maximum AZ31b penetration into the aluminum alloy remains 0.6mm 

from the centerline. The maximum AA6061-T6 is 0.5mm, showing a 0.1mm decrease 

from the recorded measurement on the original cross-section. 

 

Figure 3.4: Original (middle) and reconstructed (bottom) cross-section of sample (e). 

The outline of the FSW tool is shown on top of the figure. 

 

Figure 3.5 shows the 3D model of the weld sample generated using the original 

DICOM images. The material transfer at the top surface of the weld is clearly shown, 

measurements of the material transfer show that the 103 mm3 of the AZ31b alloy was 

transferred to the aluminum alloy plate, while 31 mm3 of the AA6061-T6 was 

transferred to the magnesium alloy. This may be attributed to the fact that sample (e) 

had AZ31b as the advancing plate. Since magnesium is the softer of the two materials, a 
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more substantial material transfer was observed for the AZ31b alloy on the top surface 

of the plate. 

 

Figure 3.5: 3D rendering of weld sample (e) the top surface AZ31b material deposit is 

evident. 

 

3.5. Corroboration of NDT: Destructive analysis  

 The elemental composition of the weld and the overall shape of the interface 

delineated in Figure 3.4 from NDT are corroborated by the elemental analysis. Figure 

3.6 and Figure 3.7 show the oblique interface shape detected in EDX. The figures also 

show the point spectrums analysis results for the aluminum and magnesium elements, 

respectively, where the elemental concentrations for the base metals. While the NDT-

revealed shape mimics that revealed in the destructive verification, the AA6061-T6 

penetration at the top of the weld shows some deviations (top pixels are magnesium). 

For the reconstructed cross-section, the AA6061-T6 penetration shape is more in line 
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with the results of the EDX measurements. The AZ31b penetration is in line with that 

recorded from the NDT X-ray CT analysis, except for the bottom section of the weld 

interface where there was no plastic deformation due to the difference in length between 

pin (2mm) and sample (3mm). Figures 3.6 and 3.7 show a vertical interface while the 

NDT analysis shows a more curved interface. This may be attributed to the edges 

having protrusions from the sample preparation steps before welding, perhaps leading to 

micro gaps that affect the accuracy of the X-ray CT in that location. 

 

 

Figure 3.6:Destructive validation of sample (e). EDX point spectrum results showing 

the percentage of aluminum detected. 

 

 

 



 

 71 

 

 

 

Figure 3.7: Destructive validation of sample (e). EDX point spectrum analysis results 

showing the percentage of magnesium detected. 

 

Obtained by combining RGB values for both single elemental map images, 

Figure 8 (top) shows the combined elemental maps of aluminum and magnesium 

elements. Figure 8 (bottom) shows the reconstructed cross-section A-A showing a 

sharper outline of the demarcated interface. The figures show that at the oblique 

interface between the two materials the number of violet pixels is larger than that of the 

vertical interface where no welding took place, this is most evident at the tip of the 

AZ31b penetration. This shows that, for those pixels, both Al and Mg elements are 

detected. 
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Figure 3.8: (top) combined EDX elemental analysis of cross-section A-A, (bottom) 

reconstructed cross-section A-A. 

 

3.6 Discussion 

The NDT method advanced in this work was shown to be able to accurately 

demarcate the shape of the interface between the aluminum and magnesium sides of the 

welded joint.  The shape of the demarcated interface of the cross-section is in line with 

similar findings reported in the literature. Kwon et al. [74] evaluated the microstructure 

and surface appearance of FSW samples of AA5052/AZ31b samples at different tool 

rotational speeds. The obtained cross-section compares well with Fig. 7 and Fig. 8. At a 

speed of 1200RPM and tool feed of 300mm/min with the plate on the advancing side 

showing a transfer of material to the retreating side reaching max penetration at the 

surface of the plate and a relatively straight interface at the bottom of the plates. While 

using a rotational speed of 1400 RPM and a feed rate of 38mm/min, Firouzdor and Kou 

[75] also reported a similar shape to the one obtained in this work and to that reported in 
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[74]. Furthermore, the NDT method correctly showed that the joint is sound with no air 

voids (porosity) present in the weld.  

Thus, the developed methodology can be implemented as an NDT method for 

analyzing dissimilar FSW welds in addition to (or instead of) the destructive analysis 

implemented in [10,11] all while extracting information about the weld structure. 

 

3.7 Conclusions 

Utilizing X-ray CT scanning as an NDT method to evaluate the material mixing 

in FSW samples was demonstrated. In the range of the welding parameters utilized, it 

was concluded that FSW of dissimilar AA6061-T6/ AZ31b using a tool with a large 

shoulder and a small pin produces the best welds. at a rotational speed of 1400RPM and 

a feed rate of 300mm/min. The best sample (sample (e)) was selected for further 

analysis. The sample was analyzed using both direct X-ray CT images as well as higher 

resolution reconstructed images. Both image types were able to capture the shape and 

location of the defects and of elemental mixing accurately, with the reconstructed 

images showing better accuracy for interfacial shape demarcation. While both image 

types gave properly segmented images, the reconstructed sections resulted in an 

improvement in the OTSU thresholding method of 2.18%, and the increased pixel count 

resulted in a smoother interface with an increased level of detail. The results of the NDT 

method were verified via two types of EDX analyses of cross-sections taken from FSW 

joints. It was confirmed that the NDT method is able to correctly determine the 

locations of material transfer (mixing) and the levels of penetration in the weld zone. 

Furthermore, comparisons with the reported literature showed that the interfacial 
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features in terms of material transfer and demarcated interfacial features, and overall 

shape are valid.  
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Abstract 

X-ray computed tomography (XCT) scans can be used to determine the presence 

of metals and to identify these metals provided that sample size is fairly large and that 

suitable scanning conditions are implemented. Mean and standard deviations of HU 

values are determined for five metal alloys used in numerous modern industrial 

applications: one magnesium-based (light metal, atomic number 12) AZ31b, two 

aluminum-based (light metal, atomic number 13) AA1050 and AA2011, one iron-based 

(heavier metal, atomic number 26) AISI1006 steel, and one copper-based (heavy metal, 

atomic number 29) CDA272 brass. For each metal alloy, the study utilizes 16-bit XCT 

scans of three sheet thicknesses (1.5, 3, and 6 mm) and at five voxel sizes (0.0113, 

0.0177, 0.0254, 0.0310, and 0.0454 mm3). Also studied are three levels of X-ray tube 

current (50, 100, and 200mA) and two levels of voltage (120, 140 kVp). Results show 

that the standard deviations of the Hounsfield unit peaks decrease with increasing 

sample thickness and increasing tube voltage and current. By virtue of varying the 

scanning parameters, the spread of the mean Hounsfield units is decreased by 50%, 
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60%, 71%, 47%, and 47% for AZ31b, AA1050, AA2011, AISI1006, and CDA272, 

respectively. 

Keywords:  Non-destructive Testing; X-ray Computed Tomography; Magnesium; 

Aluminum; Iron; Copper 

 

4.1 Introduction  

Non-destructive characterization and inspection techniques can be employed to 

analyze the manufactured parts and are key to understanding their behavior in service 

[76]. Since the presence of defects (impurities or voids/air bubbles in parts [77]) can 

affect the durability and strength of the manufactured part [78], the non-destructive 

testing of critical components is essential for long and safe operation. Furthermore, 

parts manufactured via novel manufacturing techniques such as composite material 

layering or dissimilar friction stir welding can be inspected while keeping the parts 

intact thus reducing costly samples are kept intact [20], [79]. 

 X-ray radiography has gained much interest in recent years as a non-destructive 

defect detection method in a wide range of industrial applications [80].  

Galos et al. [81] utilized X-ray micro-CT scans to characterize the weld zones of 

AA6061 butt and lap welded joints. The scans were performed using a GE Phoenix 

v/tome/xs x-ray CT (using 168kV and 80µA) and were able to detect internal and 

external defects in the weld zone. Plessis et al. [58] investigated the effect of porosity in 

cast titanium alloys using X-ray micro- CT performed at 160kV and 100µA. Increasing 

pore volume was related to decreasing ductility. 

 While requiring segmentation and thresholding, phase identification of multi-

material parts is another important evaluation technique that provides insight into their 
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behavior under mechanical loading. Utilizing micro CT scans performed using the 

Skyscan 1173 Micro-CT system at 40-130 kV and employing segmentation of different 

fiber weaves, Patel et al. [82] investigated progressive damage and failure of 3D woven 

textile composites. Zhang et al. [83] investigated the mechanical behavior of a single-

lap CFRP bolted joint using X-ray micro CT scans performed at (190kV and 100µA). 

The scan differentiated between bolts and damaged fibers. 

 Material differentiation in X-ray CT has enabled defect analysis in friction stir 

welding (FSW). Non-destructive evaluation of defects in FSW joints is based on the 

differentiation between weld material and air voids, Baydoun and Hamade 

demonstrated the efficacy of X-ray CT (clinical Philips iCT256) as a non-destructive 

method for defect (air voids) detection in aluminum FSW lap joints [73] and in 

assessing the effect of CT scan settings (voxel size and bit depth) on the accuracy of 

defect detection [84]. Material differentiation in X-ray CT has also enabled material 

mixing analysis in FSW. This is accomplished by the utilization of particles and wires 

of materials with high X-ray reactivity that appear as bright spots enabling the 

visualization of material flow. Schneider et al. [85] employed X-ray scans performed 

using a FlashCT with lead trace wire to study the effect of tool rotation on the evolution 

of weld structures. Rossi et al. [86] studied the influence of naturally occurring defects 

in steel/concrete interfaces using X-ray CT (Phoenix Nanotom Industrial scanner). In 

the scans, the material changes between, steel, concrete, rust, and air (voids) are visible 

allowing for quantitative calculations of defects volume. Dong et al. [87] employed a 

similar method using an XRadia Micro XCT-400 system for analyzing reinforced 

concrete and were able to differentiate between steel, cement paste, corrosion products, 

and cracks.  
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 The radiographic properties of scanned artifacts may differ depending on the 

scanning parameters including tube current and voltage and the shape of the artifact. 

This may explain the differences in reported Hounsfield unit (HU) values for the same 

material [88]. A common way to quantify the X-ray absorption of a material is through 

the HU. For a given material, HU is calculated based on the linear attenuation 

coefficient and normalized by a known reference (air at -1000HU and water at 0HU) 

[26].  Typical ranges for the HU scale are 12-bit and 16-bit corresponding to 2^12 and 

2^16 HU units, respectively [89]. The 16-bit range has the benefit of not saturating 

when scanning some high-level HU materials such as steel and brass [90], [91]. 

 This study originated due to the limited availability of published HU values for 

many commonly used metal alloys. This study aims to determine the mean HU numbers 

and their standard deviation (STDV) values for five commonly used metal alloys. A 

clinical X-ray CT scanner is used to determine the effects of the scanning parameters 

and the sample size in the ability to differentiate between these five metals. In this 

study, five metal alloys are characterized via 16-bit X-ray CT to determine their mean 

and standard deviation HU values. The chosen alloys are namely: one magnesium alloy 

(AZ31b), two aluminum alloys (AA1050 and AA2011), one steel alloy (AISI1006), and 

one copper-based brass alloy (CDA272). For three levels of material thickness, CT 

scans are performed at different scanning settings namely: five different voxel sizes, 

three probe current values, and two probe voltage values. The choice of parameters and 

their levels is based on their theoretical effects on the mean HU numbers and their 

standard deviation (STDV) values and the ability to vary these parameters on 

commercial CT machines. Ninety scans are performed for each alloy. Finally, the HU 
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values recorded in this work are compared against literature-reported values of the same 

(or close) metal alloys. 

 

4.2 Materials and methods 

4.2.1 Elemental compositions of alloys 

 Table 4.1 lists the elemental compositions (% weight) of the five metal alloys 

used in this work. AZ31b is an alloy where the primary component is magnesium 

(96.38%) with mainly 2.52% of aluminum. AA1050 is primarily (99.89%) made up of 

aluminum. AA2011 is an alloy of aluminum (93%) with 5.5% copper, 0.58% iron, and 

trace amounts of lead and bismuth. AISI1006 steel is iron (99.4%) with 0.06% carbon. 

CDA272 is a brass alloy with two major elements: copper (62.5%) and zinc (37.5%). 

These materials are selected for this study based on availability, experience with the 

materials, and most importantly popularity in the various materials science applications.  

 

    Table 4.1: Elemental composition (% weight) of the five alloys used.  

Element AZ31B AA1050 AA2011 AISI1006 CDA272 

Al  2.52 99.89 92.94 -- -- 

Mg 96.38 -- -- -- -- 

Ca -- 0.03 -- -- -- 

Cu -- -- 5.5 -- 62.5 

Fe -- 0.05 0.56 99.4 -- 

Ti -- 0.03 -- -- -- 

Zn 0.79 -- -- -- 37.5 

Mn 0.31 -- -- 0.25 -- 

Bi -- -- 0.61 -- -- 

Pb -- -- 0.38 -- -- 

C -- -- -- 0.06 -- 
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4.2.2 Alloys samples and probed Volume dimensions 

       From all five alloys, disk-shaped samples were cut as thin cylinders with a diameter 

of 18mm and thicknesses of 1.5, 3, and 6 mm. The fabrication and cutting process was 

performed on a manual lathe with cutting parameters adjusted for each material based 

on the recommended feed and speed parameters.  

For scanning, all metal disks were encased in a rectangular box made from 

plexiglass to reduce the effect of transition from materials (alloys) to air (which results 

in an averaging of the HU values of the two materials (partial volume effect). To 

mitigate the partial volume effect and beam hardening, the area where the 

measurements are taken is a rectangular block (probed volume) of dimensions 

10x10x1mm. The center of the block is aligned on the center of the disk. 

 Figure 4.1 (top) and (bottom) show the front view and top view, respectively, of 

the enclosure with metal disks and probed locations, indicated in this typical CT scan. A 

rectangular cross-section was selected over a circular one to simplify the data extraction 

and later calculations. A circular cross-section would also cause demarcation issues for 

the low-resolution scans which may result in an inconsistent number of pixels between 

different scans. A box-shaped probed volume allows for the number of pixels to be 

more easily controlled. The dimensions are selected such as to obtain the most accurate 

representation of the mean and STDV HU values of the alloys being scanned and to 

mitigate partial volume effect, background noise, and surface imperfections. 
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Figure 4.1: CT scan of the enclosure and metal alloy sample (top) front view and 

(bottom) top view. Shown also are probed volumes and their dimensions. 

 

 

4.2.3 CT scan setup and parameters test matrix 

X-ray CT scanning was performed using a Philips/iCT 256 CT machine 

(PHILIPS Amsterdam, Netherlands) at 16-bit depth. Employed is a constant slice 

thickness of 0.67mm parallel to the direction of the apparatus z-axis. Also employed is a 

helical scan utilizing a cone-beam with a table feed per rotation of 25mm, a spiral pitch 

factor of 0.39, and an exposure time of 1 second. The images are reconstructed using a 

proprietary algorithm (iDose, PHILIPS, Amsterdam, Netherlands) that uses iterative 

processing to reconstruct the image along with a YD convolution kernel. 

Scans were performed at five voxel sizes (0.0113, 0.0177, 0.0254, 0.0310, and 

0.0454 mm3). While higher-resolution scans are possible, the resolution levels offer 

enough variability to capture the effect of the voxel size parameter while keeping the 

scan and reconstruction times of reasonable duration. The test matrix in Table 4.2 lists 

pixel area values and their corresponding voxel volumes. Scans are performed at three 
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tube currents (50, 100, and 200 mA) and two voltages (120 and 140 kVp). The voxel 

size is obtained by multiplying the pixel size by the slice thickness (0.67mm). The pixel 

size is found by dividing the set window size by the matrix size (768x768). 

 

Table 4.2: Full test matrix for each alloy, this matrix is repeated for the 1.5, 3, and 6mm 

thickness levels.  

Window Size 

[mm2] 
Pixel Size [mm2] 

Voxel Size 

[mm3] 
Voltage [kVp] Current [mA] 

200x200 0.0677 
0.0454 

  

120 

50 

100 

200 

140 

50 

100 

200 

165x165 0.0462 
0.0310 

  

120 

50 

100 

200 

140 

50 

100 

200 

150x150 0.0379 0.0254  

120 

50 

100 

200 

140 

50 

100 

200 

125x125 0.0264 0.0177  

120 

50 

100 

200 

140 

50 

100 

200 

100x100 0.0169 0.0113  

120 

50 

100 

200 

140 

50 

100 

200 
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Figure 4.2 (top) shows a photograph of the enclosed samples used in this study. 

Fig.2 (bottom) shows a coronal plane view of a low-resolution scan (0.0676 mm2) 

conducted at 120kVp and 200 mA. All the scans used the same sample positioning as 

shown in figure 2. The table travel direction (z-axis) is parallel to the long side of the 

enclosures.  

 

Figure 4.2: Disk samples from left to right AISI1006, AZ31b, AA2011, CDA272, and 

AA1050: (top) photograph of the samples, (bottom) CT coronal plane view. 

 

 

4.2.4 CT calibration check 

Before scanning, the CT apparatus was calibrated using a Philips phantom with 

the following protocol parameters: 120kVp. 16x0.625 (SW 10), 249.75 mA, FOV 250. 

The results of the calibration test are listed in Table 4.3. 
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Table 4.3: Pre-scan Phantom calibration test results. 

Parameter CT 

Number 

(CT) 

Uniformity 

(CT) 
Noise 

Low 

Contrast 

(mm) 

Status PASS PASS PASS PASS 

Average -1.5 -1.1 2.6 3.7 

Min Allowed -4 -4 2.1 3 

Max Allowed 4 4 2.9 5 

Description 
Average 

CT 

Maximum 

CT deviation 

from center 

ROI 

CT 

Standard 

deviation 

Min pin 

diameter 

in mm 

for 0.3% 

contract 

 
 

4.3 Theoretical background 

The Hounsfield unit (HU) is a widely adopted metric for reporting the results of X-

ray CT images. Based on the linear attenuation coefficient of the object being scanned, 

the Hounsfield unit is determined by the equation: 

ὌὟ
А А

А А  
ρπππ     (4.1) 

 
where ‘ is the linear attenuation coefficient and 1000 is the scale factor [17]. Air 

is assigned a value of -1000HU and water has an HU of 0H. Most X-ray CT machines 

create 12-bit CT images that correlate to an HU range of 2^12 (-1024HU to 3072HU). It 

is possible to extend the HU scale to 2^16 (-1024HU to 32768HU) using 16-bit images. 

Another option is to use the extended CT scale which uses an algorithm to increase the 

range of the 12-bit HU scale by a factor of 10 [89]. Based on equation (1), the changes 

in HU units are directly related to changes in the linear attenuation coefficient of the 

element being scanned. The factors that affect the linear attenuation coefficient include 

X-ray beam intensity [92] as they are related by  
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Ὅ ὍὩ        (4.2) 
 

Where:  Ὅ = the intensity of photons transmitted across some distance x. 

  Ὅ = the initial intensity of photons. 

 ὼ = distance traveled into the object. 

The effects of the tube voltage, tube current, voxel size, and sample thickness 

can be examined based on equations (1) and (2).  

 

4.3.1 Effect of tube current (mA) 

Increasing tube current increases the number of electrons being generated in the 

X-ray tube and thus the number of photons striking the objects being scanned. This 

increase does not affect the type of X-ray interactions with the scanned objects and thus 

should not affect the X-ray attenuation or the mean Hounsfield number. However, 

increasing tube current increases the number of photons and, thus, should lead to a 

reduction in quantum noise (quantum mottle) which is caused by the fluctuations in the 

number of photons striking the X-ray detector. The quantum noise encountered in X-ray 

measurements obeys a Poisson distribution, therefore the relative noise in an X-ray 

image can be found from 

ὙὩὰὥὸὭὺὩ ὲέὭίὩ     (4.3) 

where N is the number of photons. This increase leads to an improvement in 

image quality that translates into a reduction in STDV values of the mean Hounsfield 

measurements [93]. Duan et al. [94] demonstrated this effect when increasing the tube 

current of CT machines led to a 40% reduction in noise at a tube voltage of 80kVp. 
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4.3.2 Effect of tube voltage (kVp) 

When tube voltage increases, the number of photons increases as well as their 

energy levels [93]. This reduces X-ray attenuation and image contrast, and 

consequently, results in a drop in the measured Hounsfield unit. However, it should be 

noted that if the increase in tube voltage causes the activation of a new electron shell in 

the material (generally the k-shell), the activation of this new shell will result in a 

sudden increase in the photoelectric interaction resulting in more X-ray attenuation [95]. 

Increasing tube voltage increases the initial intensity of the beam which in turn 

increases beam intensity at any depth in the probed material according to equation (2). 

The reduction of the X-ray mass attenuation coefficient is related to the linear 

attenuation coefficient by [93] 

‘      (4.4) 

 

The effect of reduction of mass attenuation coefficient with increasing tube 

voltage is well documented for raw materials and key mixtures by Hubbell and Seltzer 

[96]. As the increase in tube voltage leads to an increase in the number of photons, tube 

voltage has the same effect of reducing image noise as tube current thus leading to a 

reduction in the STDV values of the HU measurements.  

 

4.3.3 Effect of sample thickness  

As X-ray beams traverse more material, they become attenuated (higher 

attenuation coefficients). This leads to an increase in the mean HU values of the sample 

being scanned. This can be found by considering the beam intensity equation (equation 

2), with increasing depth the beam intensity is reduced. This leads to the definition of a 

half-value layer (HVL) or the thickness at which beam intensity is reduced by half its 
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original value [93]. Beam hardening increases HU values for voxels located at sample 

edges. Voxels at the periphery of the probed volume are more affected by the beam 

hardening which leads to an artificial increase in STDV. Therefore, thicker samples 

mitigate the effect of beam hardening on the chosen probed volume and, therefore, 

should result in a decrease in STDV compared with thinner samples. 

4.3.4 Effect of voxel size 

  In general, increased voxel size should have a positive effect on measuring the 

mean HU value since it reduces or eliminates the partial volume effect, thus, leading to 

more accurate measurements. However, the effect of voxel size is greatly reduced when 

homogenous materials are analyzed and thus the partial volume effect is no longer a 

factor. Smaller voxel size does have a positive effect in reducing STDV values since a 

smaller voxel size increases the number of pixels in the probed volume. Hence, as the 

number of measurements at the mean value increases, the standard deviation is reduced. 

 

4.4 HU and STDV Results 

The mean and STDV values for each of the probed volumes are calculated and 

used to build histograms and surface plots to visualize the effect of the change in 

scanning parameters. For the histogram plot, the HU values for each pixel in the probed 

volume are distributed into bins forming a histogram plot. Probability distribution 

function (PDF) plots are then constructed for each metal alloy sample scan. The 

standard deviation and mean values for each peak are reported. The surface plots use 

raw data values of the mean and STDV values for all alloys which present the effect of 

the parameters on the mean HU values.  
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Figure 4.3 shows HU histograms and their corresponding PDF plots for scans of 

all five alloys at the three thickness levels: at a voxel size of 0.0454mm3, 120kVp, and 

50mA. The HU histogram for each alloy is shown in a different shade of gray. Mean 

and standard deviation values are shown on the PDF plots (standard deviation values in 

brackets). With increasing sample thickness, the spread of the peaks decreases, and for 

the low atomic number alloys the separation between material peaks increases because 

of that. For the steel and brass alloys, the peaks are much broader than those of 

aluminum and magnesium alloys with standard deviations being about an order of 

magnitude larger. The peaks for the steel and brass alloys also become tighter with 

reduced standard deviations as thickness increases. This is noted across all resolutions. 

The large spread of HU values for these two alloys is attributed to the effects of beam 

hardening and X-ray scattering mechanisms that are more prominent for high-density 

materials. Both mechanisms are known to affect X-ray attenuation and, thus, HU values 

of the pixels within the scanned area are more pronounced in ferrous and copper alloys 

due to their high atomic numbers [97]. It should be noted that in all scans, no negative 

HU value pixels were observed in the probed volume, indicating that no internal voids 

(pores) are present. No misalignment, streaking, or ring artifacts were noticed in the 

scans.  
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Figure 4.3: Derived probability density functions (PDF): scans conducted at 0.0454mm3 

120 kVp, 50 mA. Plots A-1, B-1, and C-1: histograms for all five alloys. Plots A-2, B-2, 

and C-2. 
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Figure 4.4 shows 4D surface plots of the mean HU values for all materials. An 

RGB color map is used to represent the variation of STDV versus scan parameters: 

thickness, current, and resolution levels. A transparency value of 0.8 is applied to 

visualize obstructed parts of the surfaces. Plotting is repeated for both voltage levels 

where Figs. 4 A-1, B-1, C-1, D-1, and E-1 correspond to 120kVp data while Figures 4.4 

A-2, B-2, C-2, D-2, and E-2 correspond to 140kVp data. 

The effect of thickness on the mean HU value is evident from the plots, for all 

resolution levels and alloys, an increase in thickness results in an increase in mean HU 

values, which is in line with the predicted effect based on the beam attenuation. The 

effect of increased voltage is visualized as well, comparing the mean HU values of the 

120kVp and 140kVp scans; for all materials, a decrease in the mean HU values is 

observed. Evaluating the surface plots for the same thickness level; there is a lack of 

gradient in color as the current varies which indicates that the tube current has no 

statistically significant effect on the mean HU values, some color changes are noted for 

the low atomic number material is observed but this is mainly attributed to the more 

compact range of HU values. The lack of effect of resolution on the mean values is 

noted with the five surface plots showing the same patterns and gradients.  
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Figure 4.4: Surface plots of mean HU values for all scans versus current (C) and sample 

thickness (T): (left) 120kVp and (right)140kVp. 
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Figure 4.5 shows the 4D surface plots of the STDV values. As discussed in the 

theory section, the thickness of the sample plays a large role in this study, especially 

given the choice of probe volume. The effect of reducing STDV with increasing 

thickness is evident for all alloys, especially for the high atomic number alloys. The 

effect of tube current is evident as well; with higher current values resulting in a 

decrease in STDV, the same goes for tube voltage. As for resolution, a reduction in 

voxel sizes leads to a decrease in STDV values (going from the top surface plot to the 

lowest one). For the aluminum and magnesium light metals, STDV is most influenced 

by scanning resolution with sample thickness having a less pronounced effect. The three 

light-metal alloys present larger STDV values in the low-resolution surface plot, with a 

reduction in STDV, as resolution increases.  

The effect of the current setting is more pronounced for the low atomic number 

alloys (AZ31b, AA1050, AA2011) leading to a decrease in STDV values with 

increasing current settings. It is concluded that for high emissivity alloys such as steel 

and brass, sample size (thickness) appears to be a dominant parameter affecting 

threshold values. For the low emissivity alloys aluminum and magnesium, the most 

significant parameter affecting the STDV values is the voxel size. It should be noted 

however that for the lightest metal alloy AZ31b the relationship of increasing thickness 

resulting in lower STDV values is reversed with increased thickness increasing STDV 

values.  
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Figure 4.5: Surface plots of STDV HU values for all scans versus current (C) and 

sample thickness (T): (left) 120kVp and (right)140kVp. 
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 Figure 4.6 shows the graph of the mean HU values for the five alloys, (figure 4.6 

top) for the 0.0454mm3, 120kVp, 50mA scan at the 1.5mm thickness level, (figure 

4.6 bottom) for the 0.0113mm3, 140kVp, 200mA scan at the 6mm thickness level.  

For the first scan, it would not be possible to statistically distinguish between the 

AA1050 and AA2011 aluminum alloys or between the iron and brass materials. 

However, utilizing the second scanning condition and high sample thickness the 

STDV margins are reduced to the point where it becomes possible to observe a 

significant statistical difference between all the different materials. It should be 

noted that this comparison is performed at the mid-sample level, scanning samples 

that are in contact with one another or scanning the entire sample is likely to raise 

the STDV value due to beam hardening and partial pixel volume effects.  

 

 

Figure 4.6: Bar graph of the mean HU values for the five materials with STDV shown 

as error bars. (Top) Scan at 0.0454mm3, 120kVp, 50mA, and 1.5mm sample thickness.  

(Bottom) Scan at 0.0113mm3, 140kVp, 200mA, scan, and 6mm thickness level. 
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4.5 Discussion 

Aiming to quantify their HU values, five different metal alloys (AZ31b, AA1050, 

AA2011, AISI1006, and CDA272) are scanned using X-ray computed tomography. The 

effects of one sample parameter (metal thickness) and three scanning parameters 

(resolution, current, and voltage) on the mean HU values and their standard deviation 

are studied. Table 4.4 lists the found HU values and standard deviations for the five. For 

comparison, also listed are the HU values from other comparable literature works. The 

drawn comparisons between the mean HU values reported in this work and the mean 

HU values reported in the literature presented a challenge due to the lack of a standard 

scanning protocol. The listed values represent the closest available literature values for 

the five employed metal alloys (or alloys with close elemental composition) under 

scanning parameter combinations comparable to those utilized in this work. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 96 

Table 4.4: Literature-reported HU values and their STDV of scanned metal alloys 

compared to values found in this work (values are reported for the 0.0113mm3 140kvp 

200mah 6mm scan). 

Material  HU±STDV 
V 

[kVp]  

C 

[mAs] 

T 

[mm] 

S 

[mm3] 

HU 

SCALE 

[bit]  

CT setup Source 

Magnesium 

AZ31b 
1014±116 140 200 6 

0.0113 

 
16 

iCT 256 CT 

(Philips) 
This work 

Pure aluminum 2329±70.8 130 160 -- 0.018* 
Extended 

12-bit 

Somatom 

Emotion6 

Scanner 

(Siemens) 

Bolliger et 

al. [97] 

AA1050 2056±105 140 200 6 
0.0113 

 
16 

iCT 256 CT 

(Philips) 
This work 

AA1100 2294 120 300* 10 -- -- 

Philips 

Brilliance 

64 CT 

Mah et al. 

[98] 

AA2011 2940±118 140 200 6 
0.0113 

 
16 

iCT 256 CT 

(Philips) 
This work 

AISI1006 steel 10656±717 140 200 6 
0.0113 

 
16 

iCT 256 CT 

(Philips) 
This work 

Stainless steel 11847±1895 140 256 >6* -- 
Extended 

12-bit 

Somatom 

4Plus 3rd 

gen. 

(Siemens) 

Coolens 

and 

Childs 

[30] 

Stainless steel 

316 
13588±596.4 120 260 ROD -- 16 

Brilliance 

BigBore 

CT scanner 

(Philips) 

Glide-

Hurst et 

al. [99] 

Brass CDA272 12340±1097 140 200 6 
0.0113 

 
16 

iCT 256 CT 

(Philips) 
This work 

Brass 13492±107 140 100 >6* 0.41 
Extended 

12-bit 

Somatom 

Definition 

Flash, 

Siemens 

Healthcare 

Gascho et 

al.  [95] 

Copper 14462±1435 120 
9mGy (CT 

dose) 
>6* 0.109 

Extended 

12-bit 

Definition 

Flash, 

Siemens 

Healthcare 

Gascho et 

al.  [100] 

Copper 14197 ± 1300 140 
9mGy (CT 

dose) 
>6* 0.109 

Extended 

12-bit 

Definition 

Flash, 

Siemens 

Healthcare 

Gascho et 

al.  [100] 

 

* The value is not explicitly stated in the reference but is rather calculated here based on 

other values presented in the reference.  

 

Regarding magnesium-based alloy AZ31b, no comparison can be made due to the 

lack of literature-reported HU values. While few HU values of some compounds 

containing magnesium are reported in the literature, the element magnesium appears in 

small quantities. As such, the reported values are not indicative of the HU value of the 
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element alone or alloys in which magnesium is the major constituent. In this work, the 

HU value for AZ31b is found to be 1014. 

For the two aluminum alloys, the HU for AA1050 and AA2011 were found to have 

values of 2056 and 2940, respectively. This difference in HU value between AA2011 

and AA1050 is attributed to AA2011ôs higher composition of high atomic number 

elements such as copper and iron. Comparing these values to the literature, Bolliger et 

al. reported the HU value of raw aluminum at 2329 [97]. For AA1100, Mah et al. [98] 

reported HU values of 2294. Both of these values are close to this workôs value for 

AA1050 but lower than that for AA2011 (expected given the higher wt% copper present 

in this alloy).  

In this work, AISI 1006 steel was found to have an HU value of 11724. No exact 

comparison was found in the literature but for stainless steel, HU values of 11847 and 

13588 were reported by Coolens and Childs [30] and Glide-Hurst et al. respectively. 

Since stainless steels encompass a wide range of families with different alloying 

elements and amounts, the higher HU value recorded by Glide-Hurst et al.[99] may be 

attributed to the larger content of heavier metals such as chromium and nickel. With 

stainless steel being one of the most popular metals for medical implants, considerable 

research has been devoted to creating new alloys, each with a unique elemental 

composition, meaning that it is unlikely to obtain a consistent mean HU value given the 

great variety. As more alloys are characterized, better quantification of the effect of the 

atomic number on the HU value can be obtained, and it could be possible to have an 

experimental-based fitted model to determine the HU value of different alloys based on 

alloy percentages and scanning parameters.  
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For brass CDA272, the found HU value of 12340HU. Gascho et al. [95] reported the 

mean HU value at the core of brass bullets embedded on sheep legs at 13492 HU, which 

is whin 10% of the mean value recorded in this work. In Gascho et al. [100] copper 

bullets embedded in animal cadavers, the mean HU at the core of the bullets was 

recorded at 14462HU for the 120kVp scan, and 14197 HU for the 140kVp scan. 

Brasses, like stainless steels, are a heavily researched alloy family with various 

compositions leading to variations in the reported HU values.  

Practically for all metal alloy scans, the 3mm and 6mm thick samples yielded the 

least values for standard deviation. Within the ranges used on the utilized CT apparatus, 

varying the scanning parameters, the spread of the mean Hounsfield units was improved 

by 50%, 60%, 71%, 47%, and 47% for AZ31b, AA1050, AA2011, AISI1006, and 

CDA272, respectively. 

Generally, the STDVs with the largest (worst) spread for all alloys were observed at 

the largest voxel size (largest scan window levels) and lowest tube voltage setting. The 

smallest (best) STDVs for all scans were observed at the high-resolution scan level and 

highest voltage level, thus highlighting the beneficial effect of increased resolution. 

Maximum and minimum STDV for all alloys were observed for the minimum and 

maximum current levels, respectively. For thin samples at high-resolution scans, low 

current and voltage can be used, especially for the lighter aluminum and magnesium 

alloys. This is due to the lower energy needed to penetrate these thin samples. 

As the above shows, the mean HU numbers and their STDV values for a material 

are a function of the tube voltage, tube current, voxel size, and size of the sample itself. 

The dependence of the HU value of a material on scanning conditions limits the 

efficacy of the determination and differentiation of materials using X-ray CT scans. One 
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method to mitigate this dependence is by using the dual-energy index (DEI) defined as 

the ratio of the difference between the HU measurement at two kVp levels divided by 

their sum plus a scaling factor of 2000HU [30], [98]. 

 

4.6 Conclusions 

 To reveal the mean HU values and their standard deviations for five metal 

alloys, X-ray computed tomography (XCT) that utilizes 16-bit scans are performed 

using a clinical scanner and utilizing suitable scanning parameters. For three different 

thicknesses of each metal alloy, differentiation was possible within the specified ranges 

of the utilized scanning parameters: tube voltage/current and voxel size. Material 

differentiation was possible even between metal alloys that have close atomic numbers: 

magnesium-based (atomic number 12) alloy and two aluminum-based (atomic number 

13) alloys. The same was demonstrated for heavier metal alloys: iron-based (atomic 

number 26) plain low-carbon steel and copper-based (atomic number 29) alloy. It was 

found that larger sample thickness, smaller voxel size, and higher tube voltage and 

current settings lead to lower standard deviation (STDV) values of the HU peaks. 

Within the parametersô ranges used, the optimal X-ray CT scan combination was found 

to be that of voxel size, tube voltage, and current of 0.00567 mm2, 140 kVp, and 200 

mA, respectively. For this optimal combination of scanning parameters, the standard 

deviation of the Hounsfield unit's main peaks was improved by 50%, 60%, 71%, 47%, 

and 47% for AZ31b, AA1050, AA2011, AISI1006, and CDA272, respectively. The 

lowest recorded STDV values were 77HU, 93HU, 111HU, 717HU, and 1041HU for 

AA1050, AA2011, AISI1006, and CDA272, respectively.  
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         CHAPTER 5 

5. PREDICTIVE MODELING OF THE HOUNSFIELD UNIT 

OF METAL ALLOYS BASED ON XCT SCANNING 

PARAMETERS 
 

Abstract  

This work aims at developing a predictive model for the mean and standard 

deviation Hounsfield values of five metal alloys based on the scanning parameters 

allowing for quantitative comparisons of material properties using XCT images 

obtained at different scanning parameter combinations. Linear regression, machine 

learning, and artificial neural networks methods are used to develop the predictive 

models which utilize five levels of voxel sizes (0.0057, 0.089, 0.0128, 0.0155, and 

0.0227 mm3), three levels of tube current (50, 100, and 200mA), two values of tube 

voltage (120 and 140kVp) and three sample thickness levels (1.5, 3, and 6 mm).  

Findings show that the linear regression-based models can predict the mean 

Hounsfield values with an accuracy of 97.2, 97.4, 98.2, 98.6, and 98.8% for the 

AZ31b, AA1050, AA2011, AISI1006, and CDA272 alloys, respectively. Similarly 

for predicting the standard deviation values of the high atomic number materials 

AISI1006, and CDA272 an accuracy of 96.02, 95.75% was achieved. Predicting the 

standard deviation values for the low atomic number materials required alternative 

modeling techniques. For the AZ31b alloy, a predictive accuracy of 76.90% was 

achieved via a k-nearest neighbors model, as for the AA1050, and AA2011 alloys, 

an accuracy of 70.75, and 81.30% was achieved via Muli-layer perceptron models.  

Keywords. Non-destructive testing, X-ray computed tomography, Predictive 

modeling, Hounsfield number. 
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Keywords. Non-destructive testing, X-ray computed tomography, Predictive 

modeling, Hounsfield number.  

 

 

5.1 Introduction  

The precursor for X-ray computed tomography (XCT), computerized axial 

scanning tomography was developed by G.N. Hounsfield in 1973. The novel 

technique utilized a thin X-ray beam fired at multiple angles to create a series of 

digital photographs of the cranium. Remarkably the technique was 100 times more 

sensitive to changes in the radiographic properties enabling greater soft tissue 

differentiation and abnormality detection [25].  

Modern XCT machines have evolved dramatically in terms of scanning 

technology, scanning time, and image resolution. Most XCT units today are multi-

slice helical CT machines that utilize a rotating X-ray tube and detectors that 

continuously acquire data that is then reconstructed at any desired location via the 

different reconstruction algorithms creating the XCT image [101].  

The CT image is made up of individual voxels, each voxel is assigned a value 

based on the average intensity of the x-ray beams received by the detector at that 

location. The standard way to assign this intensity value is using the Hounsfield unit 

(HU). The HU is based on the linear attenuation coefficient which is then 

normalized using an arbitrary reference (distilled water at 0HU and air at -1000HU) 

[26].  The HU can then be calculated for each voxel using the equation: 

 

ὌὟ ρπππ   (5.1) 
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The HU quantifies the difference in the radiographic response of materials. 

Ranges for materials commonly encountered in the radiographic sciences have been 

established such as 100-600HU for iodinated CT contrast, 30-500HU for punctate 

calcification, and 20-40HU for muscle [102]. While computerized axial scanning 

tomography was able to differentiate between only a handful of shades, modern 

XCT equipment employs HU ranges (image bit depth) of 2^12 and 2^16 allowing 

for greater material differentiation and better handling of metals that generally have 

high HU due to their high atomic number [103]. The increase in the HU ranges 

(image bit depth) also influences image quality since it is directly related to contrast 

resolution, which along with special resolution and noise represent the three quality 

factors for evaluating a radiographic image. The three image quality factors can be 

improved or worsened by changing the CT scanning parameters including, tube 

voltage (kVp), exposure (mAs), and pixel size [101].  

  While originally developed for medical purposes, XCT was quickly adopted as a 

non-destructive testing (NDT) method in different fields such as construction [76], 

welding [24], [84], [104], and composite materials [105]. XCT is generally 

employed to analyze internal structures which usually include classifying internal 

structures [106], detecting internal defects [107], and evaluating material mixing 

[108]. However, since the HU unit is a function of the scanning parameters there is 

variability between HU values reported for a given material [109]. 

This work aims at developing a model for predicting the mean and standard 

deviation Hounsfield values of five metal alloys based on the scanning parameters 

which would allow for indirect quantitative comparisons of materials properties 

using XCT images obtained at different scanning parameter combinations. The 
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models can also be used to estimate the mean HU and STDV values at a different 

set of scanning parameters. The models are built using a database of 5 common 

metal alloys XCT scanned at five levels of voxel size (0.0057, 0.089, 0.0128, 

0.0155, and 0.0227 mm3), three levels of tube current (50, 100, and 200mA), two 

values of tube voltage (120 and 140kVp) and three sample thickness levels (1.5, 3, 

and 6 mm). The model's predictive accuracy is then tested by analyzing XCT scans 

performed at a new set of scanning parameter combinations and evaluating the 

expected HU values to the measured ones.  

 

5.2 Theoretical effects of XCT parameters on HU measurements  

XCT is a radiographic imaging technique and thus it relies on the interaction of 

the X-ray beam with matter to generate the images. Each material will attenuate the 

X-ray beam in a unique way leading to the formation of different shades of gray in 

the radiographic image. This difference in attenuation levels between two materials 

is referred to as subject contrast [101]. The two dominant X-ray interactions in a 

radiographic image are the photoelectric effect and Compton scatter with the former 

being the main source of subject contrast [110].   

The Photoelectric effect is characterized by the total absorption of the incident 

photon. The probability of photoelectric interactions is proportional to the cube of 

the atomic number of the material being scanned and inversely proportional to the 

cube of the incident beam energy. And proportional to the physical density of the 

object being scanned [111]. The probability of the photoelectric effect can be 

expressed as: 

ὖ ὖͯὤȾὉ   (5.2) 
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Where P is the physical density, Z is the atomic number, and E is the beam 

energy. 

Compton scatter on the other hand is characterized by the incident photon 

interacting with an outer shell (Low energy) electron, after which it is deflected and 

continues traveling in the new direction either triggering another interaction or 

reaching the image receptor. The probability of Compton interaction taking place is 

proportional to the electron density, and physical density. Unlike the photoelectric 

effect, the dependence on beam energy is very slight and it is independent of the 

atomic number [112]. The probability of the Compton interactions can be expressed 

as: 

ὖ ὔͯὖ   (5.3) 

Where N is the number of outer shell electrons.  

In XCT the change in subject contrast for two materials can be measured using 

the mean HU measurement, while the standard deviation (STDV) of the mean HU 

value can be used as a measure of image noise. Many factors affect subject contrast 

and image noise and by extension the mean HU and STDV values of material 

including, material properties, X-ray beam properties, and voxel size.  

 

5.2.1 Material properties 

The two material properties that affect the HU are the atomic number and the 

thickness of the material. For pure materials, the linear attenuation coefficient is 

determined using: 

‘   (5.4) 

where: Ὅ is the original intensity of the beam. 
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t is the distance into the material where the measurement is taken (thickness). 

Ὅ  is the intensity of the beam after passing through a given thickness t.  

From the above equation, with increasing thickness, the incident beam is 

attenuated exponentially, the half-value layer (HVL) is the material thickness 

needed to reduce the energy of the incident beam by half of its original value and is 

related to the linear attenuation coefficient by the equation: 

Ὄὠὒ    (5.5) 

 

Creagh and Hubbell [96] performed experimental measurements to determine 

the mass attenuation coefficient and the mass-energy absorption coefficient for 

elemental material form elements with atomic numbers ranging from 1 to 92.  

For mixtures such as alloys or organic materials, the mixture model is used to 

calculate the attenuation coefficient.  

‘ Вύ   (5.6) 

 

Where ‘  is the linear attenuation coefficient of the mixture, ύ is the 

weight fraction, and ‘ is the linear attenuation coefficient of the ith element in the 

material.  

 

5.2.2 X-ray beam properties 

The intensity of the incident beam is controlled by adjusting the tube current, the 

mA (main quantity control parameter), and tube voltage, the kVp (main quality 

control parameter). As the tube voltage increases the relative number of 

photoelectric interactions decreases exponentially, while the number of Compton 
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scattering experiences a mild reduction. As the tube current increases there is no 

change in the proportion of interactions since increasing the mA setting does not 

affect the average or peak energy of the incident photons and thus changing the mAs 

does not affect the subject contrast or HU value.  

 

5.2.3 Voxel size 

The voxel size of the radiographic image also affects the HU measurements 

Since voxel size is related to the field of view, source-to-image distance (SID) and 

object to image distance (SOD), and the focal spot size, among other geometrical 

factors. For a given area of interest, decreasing voxel size will not affect the mean 

HU recorded in that area, however, due to the increased number of measurements 

the STDV value will decrease.  

 

5.2.4 Image noise 

The term noise is given to all random data in the radiographic image that does 

not contribute to the useful information present in the image. The main two sources 

of image noise in XCT are the scatter radiation explored above, and the second is 

quantum mottle (quantum noise). Quantum mottle is related to the randomness of 

the number of X-ray photons striking the image receptor. Quantum mottle is most 

evident for low-intensity beams where the mottle manifests as random white pixels 

in areas where only dark pixels should be present, and vice versa. Increasing the 

tube voltage and tube current levels will lower the quantum noise and scatter 

radiation.  
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Table 5.1 lists a summary of the effect of the tube voltage, tube current, scan 

resolution, and material thickness on the mean HU and STDV values.  

 

Table 5.1: Summary of the theoretical response of mean HU and STDV values to 

increased levels of XCT scanning parameters and sample thickness. 

             Parameter 

 

Effect on 

Tube voltage 
Tube 

current 
Voxel size 

Sample 

thickness 

Mean HU Lower mean HU No effect No effect 
Higher mean 

HU 

STDV Lower STDV 
Lower 

STDV 

Higher 

STDV 
Lower STDV 

 

 

5.3 Methodology  

The scanning methodology as well as material selection and preparation are outlined 

in [113] the following is a brief summary. 

 

5.3.1 Materials and CT scanning setup 

The alloys used for this study are the magnesium alloy AZ31b, the aluminum 

alloys AA1050 and AA2011, the steel alloy AISI 1006, and the brass alloy CDA272, 

the choice of materials is based on the widespread usage of these alloys as well as 

previous work the authors have done based on these alloys [73], [114], [115]. The metal 

samples are cut into disks of diameter 18mm and three thickness levels of 1.5, 3, and 

6mm and placed in a plexiglass enclosure before scanning. Figure 5.1 shows a 

schematic diagram of the enclosures used as well as the major dimensions. 
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Figure 5.1: schematic diagram of the plexiglass enclosure. 

 

The XCT scanning setup used in this work is the PHILIPS ICT-256 CT scanner. 

A total of 30 scans are performed which along with the three sample thickness 

levels resulting in 90 unique combinations of scanning conditions/sample thickness 

and 90 unique measurements of mean HU and STDV for each of the five alloys. 

The measurements for the mean HU and STDV value are taken for a rectangular 

box of dimensions 10x10x1mm at the center of each metal disk. The reasoning 

behind the choice of dimensions and shape is outlined in [113]. In addition to the 

previous 30 XCT scans, two more scans are conducted at intermediate levels of 

voxel size, tube voltage, and tube current levels, the first scan is performed at 

0.03478mm3, 140kVp, and 75mA, while the second at 0.0255mm3, 120kVp, and 

125mA. The latter two scans are used to validate the models obtained using the 

original dataset.  
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5.3.2 Predictive modeling  

To start the predictive modeling process, linear regression models (LR) are built. 

The LR models are considered adequate to make accurate predictions if the model 

accuracy is above 95% (mean average percentage error -MAPE lower than 5%). If 

the model accuracy however is lower than 95%, more elaborate models are used to 

achieve the target model accuracy. This work utilizes two machine learning models, 

random forest (RF) and k-nearest neighbors (KNN), and one artificial neural 

network model (ANN) based on a multi-layer perceptron (MLP) architecture.  

The RF modeling method developed in 2001 [116] can be used as a classifier or 

regressor. The method employs multiple estimators (called trees since each is a 

decision tree) to obtain an averaged prediction for output. Key hyper-parameters 

include the number of trees in the forest, the maximum depth of the tree, the number 

of samples to perform a split at a node, the minimum number of samples required to 

be at a node, and the number of features to consider when determining the best split.  

The earliest reference for the usage of KNN as a predictive method is in 1951 

[117]. The KNN method relies on using known data points (known features and 

outputs), to determine the output of a new data point (known features but unknown 

outputs). The main parameters in the KNN technique are the number of neighbors to 

consider as well as whether to weigh their value using a distance measure to the 

neighbors such as distance.  

The MLP modeling method was first implemented in 1992 [118]. The model is a 

fully connected feed-forward ANN, typically using 1 hidden layer, however more 

layers can be used. MLPs can be used for classification or regression. Key hyper-

parameters include the type of neuron activation function, the number and size of 
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the hidden layers, the regularization parameter, the learning rate initial value, and 

the method used to adjust the initial learning rate.   

The RF and KNN modeling methods are selected based on the parametric and 

non-parametric modeling approaches they utilize. While the MLP method is 

selected due to its ability to replicate complex predictive models. The 

hyperparameters of the ML and ANN methods are tuned in two rounds, the first 

utilizing a random search of a wide parameter grid, and the second round using a 

grid search around the set of hyperparameters found using the grid search.  

 

5.4 Results 

 5.4.1 Linear regression modeling 

The results of the LR modeling are presented first followed by the machine learning 

and artificial neural networks models. The same data split of 70/30% is used across all 

models and for comparison purposes for the LR model, the validation data points are 

separated from the testing data points. Figure 5.2 shows the predicted vs expected 

measurements for the mean HU value, along with the MAPE and model accuracy in %, 

A1, B1, C1, D1, and E1 present the LR on the training data, A2, B2, C2, D2, and E2 

present the LR on the testing data, and B3, C3, D3, and E3 present the LR on the 

validation data. The LR models perform well and can predict the mean HU value with a 

maximum validation MAPE of 2.78% recorded for the AZ31b alloy. As such, no further 

modeling of the mean HU values is required for any of the five alloys. The grouping of 

the data points based on the voxel size is most evident for the AISI1006 and CDA272.  
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Figure 5.2:  Predicted vs expected values for the mean HU values for five materials, 

Training data: A1, B1, C1, D1, and E1, testing data:  A2, B2, C2, D2, and E2, validation 

data: A3, B3, C3, D3, and E3. MAPE and model accuracy are also reported as %. 
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Similarly, Figure 5.3 reports the results of the LR modeling of the STDV values. For 

the low atomic number materials, the validation MAPE is significant at 33, 33, and 22% 

for the AZ31b, AA1050, and AA2011 alloys respectively. For the high atomic number 

materials AISI1006 and CDA272 the validation MAPE is acceptable at around 4% for 

both alloys. The data points are scattered with no obvious grouping based on voxel size 

or any other input parameters.  
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Figure 5.3:  Predicted vs expected values for the STDV values for five materials, 

Training data: A1, B1, C1, D1, and E1, testing data:  A2, B2, C2, D2, and E2, validation 

data: A3, B3, C3, D3, and E3. MAPE and model accuracy are also reported as %. 
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A sensitivity analysis is performed to confirm the theoretical effect of the 

scanning parameters and sample thickness on the mean HU and its STDV for the 

five alloys. Figure 5.4 shows the effect of varying each input on the mean HU (A1, 

B1, C1, D1, and E1) and STDV values (A2, B2, C2, D2, and E2).  The input range 

is normalized to a range of -1 to 1. For all five materials, the effect of sample 

thickness increases mean HU, while tube voltage has the opposite effect, as for tube 

current and voxel size no considerable effect is noted. As predicted by the theory, 

the recorded STDV values are most positively affected by the decreased voxel size, 

while increasing tube voltage, tube current, and sample thickness lower the STDV 

measurements for all five materials, except for the effect of increased sample 

thickness on the AZ31b alloy where a rise in STDV values is noted. 
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Figure 5.4: Effect of input parameters on: A1, B1, C1, D1 and E1 (Mean HU); A2, B2, 

C2, D2 and E2 (STDV HU values). 
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As concluded from Figure 5.4, mean HU values are most affected by sample 

thickness, while STDV values of the low-z material are most affected by voxel size, while 

the STDV values for the high-z material are most affected by sample thickness- which is 

attributed to the increased attenuation (filtering) of the X-ray beams. To further highlight 

the effect of voxel size and sample thickness, Figure 5.5 shows the surface plot of mean 

HU (A1, B1, C1, D1, and E1) and STDV values (A2, B2, C2, D2, and E2) obtained via 

the linear regression models. The plots are generated for a tube voltage of 130kVp and a 

tube current of 125mA. The surface plots for the mean HU model highlight the effect of 

the sample thickness on the mean HU values across all five alloys. As for the STDV 

models, as mentioned above thicker samples reduce STDV, except for the case of AZ31b. 

Reduced voxel size is again noted to improve STDV across all five alloys.  
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Figure 5.5: Surface plot of the mean HU and STDV models plotted at tube voltage, and 

tube current levels of 130kVp, and 125mA respectively. Model coefficients and 

intercepts are listed below each surface plot. 
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Table 5.2 presents the model coefficients and intercepts for the mean HU and 

STDV models for the five materials under investigation. Finally, table 5.3 presents 

the error scores for each LR model. The testing and validation split is not usually 

performed in LR models however we employ it in this work to act as a baseline to 

analyze the needed ML and ANN models. The latter models are employed to 

improve the MAPE validation scores presented in Table 5.4. As for the mean HU 

models, the validation MAPE scores are all low with a maximum value of 2.78% for 

the AZ31b alloy. Similarly, for the high-z materials AISI1006 and CDA272, the 

validation MAPE values are below 5%. However, for the STDV modeling of the 

low-z alloys-AZ31b (33.1%), AA1050 (33.3%), and AA2011 (22.2%). 

 

Table 5.2: Linear model coefficients and intercept for the five materials.  

Mean HU models 

Input  
Material  

AZ31b AA1050 AA2011 AISI1006 CDA272 

Voxel size (mm3) -150.68 835.10 1346.43 1817.4 193.48 

Tube Voltage 

(kVp) 
-2.97 -5.45 -7.768 -40.74 -29.57 

Tube current (mA) 0.043 0.073 0.104 0.024 -0.25 

Sample thickness 

(mm) 
26.37 96.57 144.33 605.90 485.05 

Intercept (HU) 1263.11 2222.51 3137.12 12588.36 13428.84 

STDV models 

Input  
Material  

AZ31b AA1050 AA2011 AISI1006 CDA272 

Voxel size (mm3) 2817.19 2601.14 2861.89 4766.23 6247.08 

Tube Voltage 

(kVp) 
-0.89 -1.05 -1.62 -10.63 -6.28 

Tube current (mA) -0.34 -0.36 -0.454 -0.476 -0.63 

Sample thickness 

(mm) 
6.95 -5.50 -16.10 -45.76 -126.78 

Intercept (HU) 226.11 327.03 475.13 2512.14 2677.82 
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Table 5.3: Testing and validation scores for the mean HU and STDV models.  

Testing Scores 

Error type  
Mean HU models 

AZ31b AA1050 AA2011 AISI1006 CDA272 

ME (HU) -4.807 -2.842 -11.277 14.121 -2.629 

RMSE (HU) 39.028 41.672 45.596 95.334 133.136 

MAE (HU) 32.425 32.79 35.265 78.774 115.957 

MAPE (%) 3.408 1.746 1.343 0.869 1.037 

Accuracy (%) 96.592 98.254 98.657 99.131 98.963 

Error type  
STDV models 

AZ31b AA1050 AA2011 AISI1006 CDA272 

ME (HU) 3.779 1.971 4.808 -12.213 -23.61 

RMSE (HU) 24.485 26.856 29.285 45.796 77.483 

MAE (HU) 19.552 21.385 23.298 39.943 63.176 

MAPE (%) 11.268 10.845 10.81 3.936 4.489 

Accuracy (%) 88.732 89.155 89.19 96.064 95.511 

Validation Scores 

Error type  
Mean HU models 

AZ31b AA1050 AA2011 AISI1006 CDA272 

ME (HU) 27.511 12.508 13.048 51.944 61.448 

RMSE (HU) 32.988 55.861 51.336 132.541 158.858 

MAE (HU) 27.511 49.324 48.037 128.748 128.938 

MAPE (%) 2.781 2.581 1.765 1.405 1.172 

Accuracy (%) 97.219 97.419 98.235 98.595 98.828 

Error type  
STDV models 

AZ31b AA1050 AA2011 AISI1006 CDA272 

ME (HU) -39.539 -17.503 -16.983 -16.529 -15.175 

RMSE (HU) 48.189 57.55 48.582 62.607 69.715 

MAE (HU) 39.927 51.387 38.683 42.409 61.07 

MAPE (%) 33.168 33.308 22.285 3.974 4.249 

Accuracy (%) 66.832 66.692 77.715 96.026 95.751 
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5.4.2 ML and ANN modeling of STDV values for AZ31b 

To improve the validation MAPE (33%) for the AZ31b STDV model, the ML, 

and ANN models were applied as outlined in section 2.3.  To properly compare with 

the LR model, a normalized LR model is also implemented using the same scaling 

scheme. No change in error scores or model accuracy is recorded between the LR 

and normalized LR models. The ML and ANN models all result in a worse testing 

MAPE score with a max deterioration of 4%. However, the RF model resulted in an 

improved validation MAPE by 3.5%, while the KNN and MLP models resulted in 

an improvement of 10 and 9% respectively. Looking at the validation subplots in 

Figure 6 (A3, B3, C3, D3, and E3) it is noted that all models tend to overestimate 

the STDV values as is indicated but the number of points above the 

predicted/expected line.  

For the RF method the final model had 50 estimators, with a minimum sample 

leaf of 1 and minimum sample split of 2, max depth of 9, and it utilized the square 

root of the number of features when determining the best split. As for the KNN 

method, the final model utilized 4 neighbors and distance-based weights. Finally, 

for the ANN-MLP method, the final model was obtained using a óReluô activation 

function, a regularization value of 2.5, two hidden layers of size 5 and 4, with an 

initial learning rate of 0.05 adjusted using an inverse scaling manner and using 

sample shuffling at each iteration. 
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Figure 5.6: Predicted vs expected values of AZ31b STDV value for LR model: A1, A2, 

and A3. Normalized LR model B1, B2, and B3. RF model: C1, C2, and C3. KNN 

model D1, D2, and D3. MLP model: E1, E2 and E3. 
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Figure 5.7 shows the Sensitivity plots (A1, B1, C1, D1, and E1) and 3D surface 

plots (A1, B2, C2, D2, and E2) of AZ31b STDV models. For all models, the same trends 

of STDV vs scanning parameters and sample thickness are observed, such as the increase 

in STDV with larger voxel sizes, and the decrease in STDV with increased tube voltage 

and current. It is also noted that the MLP model kept the linear relationship between the 

STDV and voxel size, as for the other input parameters changes in the slope at different 

input values are observed. It is also noted that the MLP model is more sensitive to input 

levels (most prominent for tube current) as indicated by the increased STDV range in 

Figure 5.7 (E1). 
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Figure 5.7: Sensitivity plots (A1, B1, C1, D1, and E1) and 3D surface plots (A1, B2, 

C2, D2, and E2) of AZ31b STDV models.  




























































































































































































