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Summary

Modern manufacturing has a growing need to characterise metal microstructure, and

thanks to its success in non-destructive evaluation, ultrasonic testing stands out as a faster

and cheaper alternative to conventional techniques. Investigating sub-millimetre features

using ultrasound requires accurate and repeatable data collection methods, along with

computationally efficient algorithms to reconstruct the internal structures. Large-area in-

spection requires precise probe positioning and the ability to combine successive scans into

continuous volumetric images.

A 3-axis gantry was designed to position 1D or 2D ultrasonic arrays over a sample surface,

guided by automated control to capture structured scan sequences. The raw Full Matrix

Capture data collected was filtered, cropped and compressed before using the Total Focus-

ing Method to reconstruct the volumetric images. This revealed the internal backscattering

diffraction patterns in the metal samples.

Synthetic and experimental studies showed that microstructural backscatter could be

stitched into larger images, with statistical validation indicating that stitching reliability

depends on overlap and scan quality. A final end-to-end experiment demonstrated suc-

cessful volumetric imaging of a pure copper sample, although mechanical limitations and

incomplete rotational performance mean the current system remains a prototype. Overall,

the project establishes a strong foundation for automated ultrasonic imaging and identifies

the refinements needed for a more robust and fully validated platform.
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1 Introduction (OD)

Non-destructive testing (NDT) has become increasingly crucial in modern manufacturing and quality

assurance processes, particularly in industries where material integrity is paramount and it may be

expensive or disadvantageous to use destructive testing [1]. The objective of NDT techniques is to

ensure the quality of an assembly or part by detecting and classifying indications based on size,

position, and nature. This includes critical applications such as checking for defects in nuclear power

plant pipes [2, 3], weld joints [4], and the quality of parts produced by additive manufacturing (AM)

[5]. While radiography, penetrant testing, and Eddy current testing are widely standardised, ultrasonic

testing (UT) stands out by providing deep, volumetric penetration for detecting internal flaws unlike

surface-only methods.

Early industrial applications of UT included detecting macroscopic flaws such as cracks and voids [6]

relying on single-element transducers acting as both transmitter and receiver [7]. However, the fixed

focus and single angle of interrogation restricted the ability to characterise complex geometries or

distinguish subtle material features [8]. The development of multi-element array transducers allowed

the timing of pulses from individual elements to be controlled to steer and focus the ultrasound

beam, producing images without moving the probe [9]. This also made post-processing techniques

like Full Matrix Capture (FMC) possible. By recording all transmit–receive element combinations,

FMC provides a rich dataset that can be reconstructed using the Total Focusing Method (TFM),

allowing the inspection region to be focused at every point [10]. This offers major improvements in

spatial resolution and defect detectability compared to conventional ultrasonic methods [11].

Beyond conventional defect detection, modern manufacturing has a growing need to understand the

material itself to characterise the microstructure, elastic properties, and potential degradation before

a flaw forms. Traditionally, techniques such as electron backscatter diffraction are used to characterise

grain structure, but these are comparatively expensive, time-consuming, and not readily suited for

rapid volumetric inspection [12]. As microstructural features such as grain cluster boundaries interact

with ultrasound, UT could also provide information about the internal state of a material. If such

information could be reconstructed reliably, UT offers a much faster, cheaper and non-invasive alter-

native to traditional methods. This was successfully demonstrated by Wang et. al (2025) [13] where

an iterative process analysed 100 FMC datasets and accurately calculated the size of grains in copper

as 33µm, whilst metallography returned 35.5µm. Grain clusters are much smaller than the ultra-

sonic wavelength and produce weaker, more distributed signals than defects. This makes the imaging

problem significantly more sensitive to positioning errors, signal processing choices and reconstruction

quality.

To produce meaningful volumetric reconstructions of microstructural backscatter, two methods can

be used. Firstly, the use of 2D arrays can directly image volumes. In 2D arrays, the elements are

organised on a plane and the data collected can be processed to give a 3D image of the internal

structure. Conversely, 1D arrays have their elements aligned along a single axis and scan 2D slices

through the volume. These can be used to generate 3D volumes by rotating the array on the surface of

a target material to then be reconstructed using a Radon transform to give a volumetric representation

of the imaged area [14].

To image an area larger than the array, multiple volumes must be scanned and stitched together. When

imaging defects, it is easy to visually verify if a stitch has been successful due to the strong signals
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present [15]. When stitching backscatter, this becomes unreliable, particularly in 3D. Therefore, a

synthetic data pipeline is crucial in producing 3D TFM data to give statistical confidence for the

stitching algorithms. Synthetic data would verify the expected error when imaging experimental

data when there is no ground truth. For the synthetic data to reliably replicate the results seen

experimentally, ultrasonic interactions must be accurately modelled.

Manual scanning, while suitable for basic defect detection, introduces significant operator-dependent

variability. A 15MHz wave in copper has a wavelength of around 0.3mm, much larger than the

expected grain sizes from 8.5 - 60 µm [16]. Whether using 1D or 2D arrays for imaging, inconsistent

placement can lead to inaccuracies and render the data unusable. Small errors over many scans can

lead to unstitchable images. This necessitates an automated and reliable system for positioning and

rotation of the array. The data collected should be repeatable, ensuring similar experiments to that

shown in [13] can be done more easily. Such a system would support the possibility of an end-to-end

system in manufacturing, where target samples could be automatically scanned and processed to give

the operator the full volumetric representation of the internal structure, whether that is for defect

detection or microstructural backscatter. It requires the integration of mechanical design, motion

control, signal processing, imaging, stitching and validation despite limited availability of experimental

data into a single workflow.

However, this process produces large volumes of computationally expensive data. Modern ultrasonic

inspection systems are increasingly leveraging the parallel processing power of Graphics Processing

Units (GPUs) [17]. Originally designed for rendering graphics, GPUs excel at performing the same

operation on many data points simultaneously. By offloading the image reconstruction to a GPU,

inspection times can be reduced from minutes to seconds, enabling near real-time imaging and fea-

sibility of large-area scans [18]. Along with efficient raw data processing and filtering, this is crucial

for producing the synthetic data required, as well as reconstructing the experimental data in feasible

time frames.

Each part of this report addresses a necessary contribution to that workflow. The system overview and

specification define the overall requirements and establish the performance targets for the platform.

The gantry design sections describe the mechanical structure that enables accurate and repeatable

probe positioning. The automation and preprocessing sections then show how raw ultrasonic data

can be collected consistently and converted into a form suitable for reconstruction. The imaging and

stitching sections address the core signal processing challenges, including TFM reconstruction, hard-

ware acceleration, and methods for combining multiple scans into larger images or volumes. Finally,

the validation and experimental results sections assess how reliably these methods perform, both on

synthetic datasets and on experimental scans, so that the limitations and strengths of the full system

can be understood. All of these components are required if automated ultrasonic microstructural

imaging is to become practical and repeatable.

2 System Overview and Specification (OD)

This system required two sub-groups to be formed. The ”Build Team” provided the physical framework

and spatial fidelity for accurate 3D positioning of the array on the target material, and automating

the data collection process. The ”Code Team” provided the signal fidelity, where the vast amounts of

raw data were processed, imaged and stitched by validated algorithms.
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Figure 1: System overview.

As shown in figure 1, the roles of each sub-group were clear. The data collection via the gantry

and gantry controller was handled by the ”Build Team” and the data coming from the PC to be

processed was handled by the ”Code Team”. The MicroPulse FMC was a device used in the UNDT

Laboratory at the University of Bristol which connects the ultrasonic arrays to the PC. The program

used to interact with the MicroPulse FMC was Brain. The system required individual Product Design

Specifications (PDSs) for each sub-group but also an overall PDS for the process. Some of the key

requirements are listed below, with a supplementary PDS included in Appendix B in table 12.

Table 1: Key product design specifications.

Group Category Requirement Priority Assessment

All Performance System must produce spatially con-

sistent volumetric reconstructions

across full scan area.

MUST Scan sample with defect present and

verify no spatial distortion or discon-

tinuities in stitched volume.

All Performance 2D array scan and processing time

must be within 40 minutes.

MUST Measure time from scan start to final

imaged output.

All Validation System must produce repeatable re-

sults under identical conditions.

MUST Repeat full scanning procedure and

compare similarity of outputs.

All System Mechanical motion, data acquisition

and processing must operate as a uni-

fied pipeline.

MUST Perform a full scan and confirm

that minimal manual operation is re-

quired.

Build

Team

Performance The platform must maintain struc-

tural stability during operation with-

out excessive vibration or deflection.

MUST Visual inspection during a full scan

to verify that the platform remain

stable with minimal vibration and

deflection.

Build

Team

Performance The automated scanning platform

must provide translational position-

ing accuracy within ±1mm.

MUST Positional error will be determined

by comparing the actual position to

the programmed position.

Build

Team

Structural The platform must be able to hold

both 1D and 2D arrays for operation.

MUST Operational test to verify that the

design of the clamp and the arrays

are compatible.

Code

Team

Performance Ultrasound scans must be imaged us-

ing TFM to produce 2D images of

microstructural backscattering.

MUST Visually inspect TFM images to

ensure permanent features persist

across images.

Code

Team

Performance Stitching algorithm must correctly

recover expected translation between

scans.

MUST Evaluate performance using syn-

thetic data and experimental data

with known offsets.

Code

Team

System Code must accept configurable pa-

rameters (e.g. speed of sound).

MUST Run pipeline with varied parameters

and confirm correct behaviour.
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3 Concept Generation of Scanning Gantry (AA)

A morphological analysis was used to develop ideas for a prototype structure and the mechanisms

involved within the platform rig. This is shown in Table 2. Each pathway is shown, with each colour

representing an option for a complete automated scanning gantry.

Table 2: Morphological analysis of the automated platform rig concept.

• Blue pathway – The blue pathway involves a platform with an array holder and is attached to

a gantry beam which utilises a slider mechanism to move in the Y direction. The array holder

uses a linear actuator concept, which converts rotational motion from the motors into a linear

motion to move the array in the Z direction. The rail beam is connected to the base by an X-

axis slider at each end. The slider will be connected to the base using a lead screw and wheels.

Another motor will be added to the array holder and connected to a clamp to add a rotational

axis.

• Purple pathway – The purple pathway uses a turntable approach, where the test sample plate

rotates manually on a ball bearing. An electronic angle sensor is integrated to measure the

rotational position accurately. The sample plate is connected to the base and moves in the X

and Y directions. The scanning array will be attached to a gantry beam using a clamp to move

it up and down.

• Green pathway – The green pathway uses a manual gear system to rotate the test sample plate.
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A small input gear is turned by hand and drives a larger gear that is attached to the underside

of the sample turntable, which provides a reduction in gears that makes rotation smoother and

easier to control. This gear system allows to control angular position, with the turntable angle

calculated from the input gear rotation using a fixed ratio. For example, 1 full turn could equal

2◦ of the turntable rotation. The rest of the system follows the same idea as the purple pathway.

• Orange pathway – The orange pathway utilises a different workflow to the other ideas. It uses

a concept of a robotic arm as the primary motion mechanism. This multi-axis arm provides the

required movement in all direction, which allows the array to be placed and moved freely over

the test surface.

The blue pathway is a simple, easy to operate, and flexible mechanism, which allows it to scan

different sample sizes. However, the connector between the array holder and the rail beam must be

designed carefully so that it can hold the weight of the array holder and the array itself while still

providing a smooth movement along the rail beam. For the purple path, this concept has reduced

the control system complexity because the automation requirements are lower than a fully motorised

rotary axis. However, manual rotation can also introduce variability in speed changes and inconsistent

positioning, which increase the risk of misalignment during scanning. The green path approach has

the benefit of more controlled manual rotation when compared to the previous concept because the

gear ratio provides finer and smoother angular adjustments. However, the angle accuracy depends

on the mechanism as it may cause backlash and gear wear which can introduce angular error. The

orange path has the ability to adjust probe angle, which improves signal quality on curved or angled

surfaces. However, more complex calibration and programming are required because of the multiple

arm joints which may reduce scanning accuracy.

The method of down-selecting concepts involved a combination of Pairwise Comparison and Multi-

Criteria Decision Analysis (MCDA). An MCDA is a quantitative method of choosing between multiple

ideas when there are several conflicting objectives [19]. The first step was to generate a criteria to

evaluate the ideas against each other. Once these had been made, a Pairwise Ranking Matrix was

used to indicate the strength of each metric relative to one another [20]. This matrix is shown in

Table 3 and was used to calculate the weighting for each metric used in the MCDA. When combined,

the MCDA and Pairwise Comparison methods provided a fair way to strategically choose the concepts

from the morphological analysis.

From Table 3, it was clear to see that mechanical stability was the most important characteristic for

the concept. This is reflected in the MCDA weightings, as shown in Table 4. The MCDA matrix

indicated that the blue path gave the strongest score, based on the importance of each criterion. It is

also important to note that each pathway had benefits and disadvantages that may not be adequately

addressed by the MCDA. A final concept that combined the most advantageous systems of each

pathway was generated and is shown in Figure 2.

9



Table 3: Pairwise ranking matrix.

Table 4: MCDA for the automated platform rig concept.

Figure 2: Final concept.

4 Design, Iterations, and Manufacturing (AA, HS)

4.1 Base Frame (HS)

The design process of the automated gantry followed: material selection, detailed design, manufac-

turability, testing, and iteration prior to finalising the design. Material selection for the platform rig

was primarily guided by considering the availability and cost of the materials. All the components

were sourced from verified suppliers or from the university inventory itself. Each of the materials

were carefully chosen to ensure the mechanical requirements were met whilst abiding by the budget

constraints.
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Firstly, Aluminium T-slot Extrusion was used as the base frame. All structural beams were cut from

40 mm × 40 mm aluminium T-slot extrusion into four lengths: 750 mm for the two longitudinal base

beams, 580 mm for the two lateral outer side beams, 500 mm for the two lateral inner side beams,

and 700 mm for the gantry beam. The length to be cut for each beam was decided based on the

requirement stated in the PDS under the geometry category (see Table 12 in Appendix B). The

base frame formed a rigid rectangular structure that established the overall dimensions of the rig and

provided sufficient support for all other subsystems, which is illustrated in Figure 3.

Figure 3: Technical drawing of base frame.

It was crucial that the base was rigid as it acted as the backbone of the platform rig to maintain

positional accuracy throughout the scanning process. Beam with 40 mm × 40 mm cross-section was

selected since it was compatible with the gantry wheels that were incorporated into the assembly for

translation. This allowed the wheels to roll smoothly along the two outer faces of the extrusion and

guide the sliders’ translation. The beams were sourced directly from the university inventory, making

it a practical and cost-effective choice. Procuring alternative materials would introduce additional

cost and lead time. All beams were joined at the corner using angle brackets, forming rigid 90◦ joints.

Leadscrews were used as an actuator to translate all three linear axes. 10 mm diameter leadscrews

were used for the X-axis and Y-axis translation to accommodate the high combined mass of the sliders,

gantry beam, stepper motors, and array holder mechanism. Using a larger diameter provided a stiffer

and more robust shaft, resisting any bending and torsional deflection during operation. On the other

hand, an 8 mm diameter leadscrew was used for the array holding mechanism, where the moving

mass was lower. A smaller diameter was sufficient to withstand the loading conditions and reduce the

overall weight of the array holder. The leadscrew converted the rotational motion of the motor into

the linear motion of the sliders. This allowed accurate positioning, suitable for automated operation.

Each leadscrew was coupled to their respective shaft coupler: 5 mm to 10 mm for the 10 mm diameter

leadscrew, and 5 mm to 8 mm for the 8 mm diameter leadscrew. The shaft coupler accommodated

the misalignment between the motor shaft and the leadscrew, therefore allowing the motor to rotate

the leadscrew.
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4.2 X-axis Slider (HS)

The X-axis sliders translated the gantry beam along the lateral side beams. The sliders were 3D

printed using PLA, which is discussed in subsection 4.7. Figure 4a shows the initial design of the

slider. The hole shown at the top of the slider in Figure 4b is where the leadscrew is placed for

Y-axis translation. The slider on each side of the base frame translated the array holding mechanism

simultaneously. Each slider was equipped with eight gantry wheels, with two gantry wheels on each of

the two beam faces to aid for smooth and consistent translation along the rail. Installing high number

of gantry wheels helped distribute the combined weight of gantry beams, array holding mechanism,

and the ultrasonic array over a larger contact area.

(a) (b)

Figure 4: (a) Initial and (b) final designs of the X-axis Slider.

After initial testing, some issues were noted. Firstly, the tolerance of the slider was too tight leading

to excessive friction introduced between the slider and the beam. Moreover, the installation of the

gantry axles were complicated due to the tight tolerances. The initial design of the X-axis slider was

too large, resulting in long printing times. The design was therefore broken down into multiple smaller

components. This allowed for easier maintainability, modification, and further iteration. The height

was also increased from 200 mm to 260 mm which will allow more taller samples.

4.3 Y-axis Slider (AA)

The gantry beam positioned across the top of the rig would provide the support for the array holding

mechanism to translate along the Y-axis. Initially, the Y-axis slider was designed using only a wheel-

guidance system, as shown in Figure 5a. This offered a simple solution that could be manufactured

easily. The testing phase highlighted a few issues, including the Y-axis slider tilting forward due to

the weight of the array holding mechanism, and poor dimensional tolerances from 3D printing. As

a result, this initial design did not provide sufficient stability for reliable scanning operations and

affected the motion’s smoothness.

The final design integrated the use of a rail-guidance system to the slider, as shown in Figure 5b. The

use of both wheels and rails helped to provide a counter-moment, reducing unwanted tilting during

scanning. The assembly consisted of steel rods and four gantry wheels that were connected to the

slider and moved along the gantry beam. Extenders were designed and added to the top of the X-axis

slider to support the rail-guidance system and provide attachment points for both ends of the steel
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rods. The slider carriage acted as the central connecting element between the wheels and the rails,

and the array holding mechanism. This allows the load to be transferred efficiently to the beam. The

combination of the slider block, wheels, rails, and leadscrew allowed a stable and smooth translation

along the beam.

(a) (b)

Figure 5: (a) Initial and (b) final designs of Y-axis Slider.

4.4 Z-axis and Rotational Mechanism (AA)

The array holding mechanism was initially designed using only a rail-guidance system for motion along

the Z-axis. Initially, the main body was 3D printed because it allowed for rapid iteration during early

development, as shown in Figure 6a. However, the movement of the Z-axis slider carriage was not

smooth due to friction between the slider and the main body. The design was then iterated to improve

the structural rigidity and provide smoother movement.

The final array holding mechanism used a C-beam aluminium extrusion sourced from the university

inventory as the main structural guide for vertical movement. This also modified the attachment

method between the Y-axis slider and the array holding mechanism. The height of the Y-axis slider

was increased, and T-slot nuts were inserted into the rear slot of the C-beam and fastened using bolts

through the slider body. This made the connection between the two parts more secure and provided a

more suitable mounting method for the extrusion. A slider carriage was designed to move the scanning

array along the extrusion and was mounted within the C-beam. The linear movement was driven by

an ACME leadscrew mounted along the C-beam. The ACME leadscrew was used because the threads

are strong and it would provide smooth and controlled motion without slippage [21]. Four small wheel

bearings and an ACME nut block were attached to the back of the slider carriage to improve guidance

and stability.

The rotational mechanism was integrated with the array holder assembly to allow controlled rotation of

the mounted array. This aligned with the PDS shown in Table 12, where the array holding mechanism

must incorporate a rotational mechanism. A mounting block was attached to the Z-axis slider and

served as the support for the rotational motor. The motor was mounted directly to the block and

connected to a steel rod via a flexible shaft coupling. A clamp was connected to the lower end of the

steel rod, which is discussed in subsection 4.5. This configuration provided a practical solution for the

array to translate and rotate, while maintaining a simple arrangement that was easy to assemble and
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operate. Figure 6b shows the assembled array holding mechanism and rotational mechanism.

(a) (b)

Figure 6: (a) Initial and (b) final design of array holding mechanism and rotational mechanism.

4.5 Array Clamp (HS)

The array clamp was connected to the rotational mechanism, and held the array securely during

operation. Figure 7 shows the design of the array clamp. When designing the array clamp, a space

for the array’s data cable to pass was included, whilst ensuring a strong grip on the array. There were

interchangeable inserts at the side where fasteners can slide along it to adjust according to the size of

the array. The array clamp used a simple fastener mechanism to tighten the clamp. The ultrasonic

gel used on the sample led to the array suctioning to the material’s surface, so it is important that

the array clamp can hold the array without slipping. A rubber tape was taped on the surface of the

bottom part of the clamp to increase the friction. The opening of the array clamp was modular to

accommodate both 1D and 2D arrays, satisfying the PDS requirement shown in Table 1

Figure 7: CAD model of the array clamp.

4.6 Summary of Axes and Motion Parameters (HS)

Once assembled, the platform rig functioned as a 3-axis Cartesian motion system. All translations

were driven by leadscrews connected to stepper motors via shaft couplers, in addition to gantry wheels

to ensure smooth and repeatable motions. The CAD model of the platform rig and the full assembly
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of the platform rig are shown in Figure 8a and Figure 8b respectively. During testing, the test sample

was placed within the testing area, and it would remain fixed throughout the scanning.

(a) CAD model of platform rig. (b) Full physical assembly of platform rig.

Figure 8: Final platform rig.

4.7 Design for Manufacture (AA, HS)

The platform rig was manufactured using simple processes such as cutting, drilling, and 3D printing.

As stated in the PDS, it was decided to limit the number of manufacturing processes and items to be

made by the university technical services to eliminate any additional constraints.

4.7.1 Structural Frame (HS)

Aluminium T-slot extrusion was determined as the best material to be used as the structural frame

due to its significantly simplified manufacturing process. All the beams could easily be cut to the

desired length and connected perpendicularly to each other using an angle connector. The platform

rig was assembled in a way that all the fasteners could still be accessed once fully assembled. It was

designed to be modular so that any modification, replacement, or adjustment of any components could

be done without having to disassemble the whole structural frame, except the inner side beams since

it would require the removal of the outer side beams.

4.7.2 3D Printed Components (AA, HS)

For parts with complicated geometries, 3D printing was chosen since it allowed more room for testing

and optimisation of the design. 3D printing is less time consuming and low cost compared to ordering

parts from manufacturers, or fabricating parts from specialist workshops. Polylactic acid (PLA) was

used for all 3D-printed components in the assembly, which included the X-axis and Y-axis sliders, X-

axis extender, array clamp, motor housings, and bearing slots. CAD model for the motor housings and

bearing slot are shown in Figure 49 in Appendix A. PLA was chosen primarily due to its availability

and the cheap filament cost compared to other polymers. PLA is commonly used in fused deposition

modelling and it is capable of producing dimensionally accurate parts at fine layer resolutions [22].

Standard PLA also possesses adequate compressive and flexural strength for the prototype.

The 3D printed parts were designed with manufacturability in mind. Print orientation was considered
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during the design stage to minimise the amount of support needed. This reduced the post processing

time and material waste since all the holes were self-supporting or would require minimal supports.

In addition, large assemblies were divided into multiple smaller components. This allowed individ-

ual parts to be reprinted quickly during modification or repair without having to reprint the entire

assembly. Dimensional tolerance was also an important consideration when designing the printed

parts. Clearances were provided for bolts, rods, and sliding interfaces to account for the dimensional

variation inherent in the fused deposition modelling printing process. The print settings in Bambu

Studio were customised to balance dimensional accuracy, surface finish, strength, and printing time.

The main settings used for the 3D printed components are summarised in Table 5.

Table 5: Customised print settings from Bambu Studio.

Parameter Print Settings Reasoning
Material Generic PLA Readily available.
Layer Height 0.16 mm Good dimensional accuracy. [23]
Infill Pattern Gyroid Good overall strength. [24]
Infill Density 20% Balance between strength and printing time.

[25]
Support Type Tree supports Easy to remove.

4.7.3 Rotational Block (AA)

A block for the rotational mechanism was designed considering ease of manufacture, material avail-

ability, and structural stiffness. This block was attached to the Z-axis slider to integrate the rotational

mechanism with the array holding mechanism and served as a support for the rotational motor. Alu-

minium was selected due to its good strength-to-weight ratio [26]. The design consisted of flat surfaces,

simple hole patterns, and straight edges, which made it suitable for university workshop processes.

This is shown in Figure 9. The main body was cut from aluminium stock using straight cuts, which

simplified fabrication and improved dimensional consistency. Milling was then used to achieve the

required dimensions. The holes were drilled according to the specified dimensions. The geometry of

the motor support was kept simple to reduce manufacturing complexity. Simple hole patterns were

preferred to reduce fabrication time and minimise dimensional errors.

Figure 9: Drawing of the rotational block.
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5 Automated Data Collection(RZ)

5.1 Electronics (RZ)

The electronics system provided the interface between the automation and the gantry. It comprised of

two independent Arduino microcontrollers, a CNC shield [27] carrying four DRV8825 stepper motor

driver modules used for the translational motors, a DRV8833 dual H-bridge driver module for the

rotational motor, and an external 24V power supply. Both Arduinos were powered by a PC as they

were constantly connected via USB during use. This is shown in Figure 10.

(a) DRV8833 motor driver with Arduino UNO (b) CNC shield with DRV8825 motor drivers

Figure 10: Motor control hardware configurations used in the system.

The CNC shield provided dedicated sockets for up to four DRV8825 stepper driver modules, along

with the signal routing needed between the Arduino’s digital output pins and each driver’s step,

direction, and enabled inputs. This avoided the need for manual wiring of the step and direction

signals. Additionally, a jumper was connected between the X and A axis step and direction pins so

that the A axis socket would clone the X axis (as there were two X-axis motors). The motor drivers

were the main heat source thus, to prevent overheating of the electronics, a heat sink was placed on

top of each driver and the potentiometers of the drivers were adjusted so that the current supplied

would not exceed half the maximum current rating of the drivers. This adjusted value was set and

measured to be 0.7A using a multimeter.

The decision to use two seperate Arduinos rather than a single board was a design decision driven

by hardware constraints and interface incompatibility. G-Code is mainly used for linear Cartesian

systems, and while it is possible to map rotational motion onto a linear axis by treating degrees as

millimietres, doing so would require modifying the G-Code Reference Block Library (GRBL) firmware

and introducing a new coordinate system which can make physical commands unclear. A dedicated

Arduino for the rotational motor avoided this issue, and allowed the rotational axis to be commanded

directly in degrees. An Arduino Mega with an extended CNC shield would have provided the extra

space to install another motor, but this would have incurred extra cost and procurement time. The

two Arduino solution was assembled entirely from components found in the lab with no additional

cost.
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5.1.1 Motor Selection (RZ)

This section outlines the motor selection process for the X, Y, and Z axis drive system for the gantry

assembly. The minimum requirements of the motor are based on driving the X-axis conditions as they

are most demanding. These system parameters are shown in Table 6.

Table 6: X-axis motion system parameters.

Parameter Value Notes

Total moving mass 4,736 g Measured

Motors 2 One per lead screw, load shared equally

Axis orientation Horizontal No axial gravity component

Linear guide type V-slot extrusion with POM wheels

Lead screw outer diameter (d) 10.1 mm Measured

Lead screw mean diameter (dm) 9.1 mm

Lead screw pitch (p) 2 mm Measured

Lead screw starts 1 (single start) Assessed by inspection

Lead screw lead (l) 2 mm/rev l = pitch× starts

Required precision A few millimetres Open-loop stepper acceptable

There were two motors that shared the total load equally when driving in the X-axis. Hence, the mass

being driven per motor was 2.37kg. The torque required to drive a lead screw under axial load was

calculated using equation 1, derived from [28].

TR =
Fdm
2

(

l + πfdm
πdm − fl

)

, where dm = d−
p

2
(1)

TR is the torque required to drive the load, F is the total axial force, dm is the mean thread diameter,

and f is the coefficient of friction at the thread interface and p is the pitch of the lead screw. The

value of dm was found to be 9.1mm. A target of 0.5 ms−2 is assumed to be a reasonable acceleration

and the thread friction coefficient of the aluminium threaded block against clean and dry steel was

assumed to be f = 0.61[29], although it should be noted that the lead screws were lubricated prior to

testing which reduced the friction value. Substituting all values into equation 1, a required torque of

34.4 mNm was calculated.

A stepper motor was selected as the most appropriate motor type for this application for several

reasons. Unlike DC brushed or Brushless DC motors, the stepper motors chosen moved in a well-

defined angular increment of 1.8 degrees under no load which makes them inherently suited to open-

loop positioning. This removes the need for an encoder to determine its position. This is sufficient for

the precision requirement of this gantry. NEMA 17 stepper motors, which are used in similar projects

[30], with 420mNm torques were chosen for this application, allowing a safety factor of over 12 times

the required amount.

5.2 Gantry Automation (RZ)

The automation system was responsible for positioning the ultrasonic array at each scan zone whilst

also controlling the rotational orientation. It was made up of three primary layers: a ’Scan PC’ where

a python script is left to run, two Arduino microcontrollers, and the mechanical gantry driven by the

stepper motors. The system overview is shown in Figure 11. GRBL was adopted for the motion control
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firmware of the translational axes. The translational Arduino controlled the translational axes (X, Y,

Z) of the gantry, which ran GRBL firmware. GRBL is an open-source firmware which is optimised for

stepper motor machines and uses G-code as a standardised language [31]. Key motion parameters in-

cluding steps per millimetre, maximum feedrates, and axis acceleration limits were configured directly

within GRBL. The rotational Arduino drives the rotational axis and runs on a custom firmware.

Figure 11: Automation system overview

5.2.1 Scan path strategy (RZ)

The automation system was designed to follow a calculated predefined motion path on the scan object,

as shown in Figure 12. A raster scan strategy and boundary offset principle was adopted, consistent

with established practice in automated ultrasonic NDT [32]. It was assumed that every scanned object

was a flat rectangle. The scan area was defined by specifying the four corner coordinates (relative to

the origin which is manually set before scanning starts) of the object. The Scan PC then extrapolated

the boundary of the object and identified the starting position of the scan by selecting the corner

whose Euclidean distance from the origin is smallest as the start of the first scan area.

Figure 12: Diagram of machine pathway

The scan zone centres were found by distributing the zones at uniform intervals across the area of the

object. The step between adjacent zone centres were found via Equation 2. The first and last zone

centres were positioned so that the area of the array remained within the boundary of the object.
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Equation 3 was used where Min is the smallest coordinate and Max is the largest coordinate for X

and Y respectively.

Step = Scan Size−Overlap (2)

First Zone = Min +
Scan Size

2
, Last Zone = Max−

Scan Size

2
(3)

Equation 3 ensures that the centre of the first and last zone was offset inward from the lower and

upper boundary of the scan object, respectively by half the scan footprint. This is necessary as a zone

centre positioned exactly by the boundary of the object would place half the array outside the defined

scan area, which may result in faulty data acquisition.

5.2.2 Scan Sequence Execution (RZ)

Prior to scanning, the coordinates of the 4 corners of the object were inputted and the translational

Arduino was initialised. This Arduino transmitted a set of configuration commands to the GRBL

firmware that defined the operation parameters. These commands established the unit system (mm),

positioning so that every target coordinate was relative to its home position, and feed rate interpre-

tation, which were adjusted for each axes. The gantry tracked its position in X,Y, and Z, by counting

its motor steps relative to the origin point. The Scan PC then executed the scan sequence shown

in Figure 13. Firstly, the gantry would move to the scan centre. To ensure the physical position of

the gantry and the software state remain synchronised throughout, the Scan PC actively queried the

translational Arduino to confirm it had come to rest before proceeding. Once stationary, the Z-axis

was lowered to the surface of the object at a reduced speed to ensure controlled contact. The rotational

Arduino was then commanded to rotate at each specified angle, confirming each move before the user

acquired data and the next angle was complete. Once a full rotation was done, the array returned to

its 0 degree reference point.

Figure 13: Scanning sequence of the automated gantry system per scan area

5.3 Calibration (RZ)

Prior to scanning, the gantry system was calibrated to ensure it was accurately moving to desired

positions. Firstly, the correct steps-per-millimetre conversion was established. This parameter defined

how many motor steps were needed to produce the required distance of linear motion along the sliders.

The setup in Figure 14 was used to calibrate the axes. The Z axis did not need to be calibrated as

the scan height would be manually set before each scan. The contact quality was visually verified by

looking at the time-trace plot on the UT PC.
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Figure 14: Calibration Setup

The gantry was first set to a known reference point and then programmed to travel a known distance.

The actual distance moved was measured from the reference point and substituted into Equation 4.

This process was repeated for each axis until the correction produced no further meaningful reduction

in error, at which point any source of error stemmed from the gantry and not the motors themselves.

Calibrated Step [mm]−1 = (Initial Steps [mm]−1)

(

Programmed Distance

Actual Distance

)

(4)

The default value of 500 steps/mm for each axes produced large positional error. Table 7 shows that

the X axis converged to a stable step/mm value within two iterations, whereas Table 8 shows the

Y axis still showed a large error even after iteration. This disparity is linked to several mechanical

factors that disproportionately affect the Y axis’ measurements.

Table 7: X axis steps/mm calibration.

Iteration Steps/mm Commanded (mm) Actual (mm) Error (%)

0 (default) 500.0 — — —
1 131.6 10 38.0 +280.0
2 132.5 142 141.0 −0.7
3 132.5 100 100.3 +0.3

Table 8: Y axis steps/mm calibration.

Iteration Steps/mm Commanded (mm) Actual (mm) Error (%)

0 (default) 500.0 — — —
1 149.6 10 9.5 −5.0
2 157.5 10 9.5 −5.0
3 143.1 50 55.0 +10.0

A main source of error was the poor interface between the array clamp to the Z-axis slider. This

led to the array being able to rotate freely during measurement. The unintended rotation altered the

effective position of the reference point on the array relative to the ruler, which introduced a systematic

offset into the measured displacement. The X-axis sliders also had its structural limitations. Due to

the weight of the Z axis slider and its attached components, the gantry had a constant tilt, causing

one side of the array to have more pressure than the other. These mechanical limitations meant that a
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full calibration procedure for the rotational mechanism was unsuccessful. Visual inspection confirmed

that the array could not rotate to desired angles. Had the mechanical assembly been sufficiently rigid,

calibration would have been carried out by programming the array to a series of known angles and

physically measuring the actual angle it reached using a protractor. This process would be repeated

iteratively and use the same approach in Equation 4.

6 Gantry Performance Evaluation (AA, HS, RZ)

The automated gantry was evaluated against the PDS after testing. Table 9 shows the PDS points

which were failed or partly achieved, with all remaining points having passed. There were several

issues which introduced limitations to the gantry’s capabilities.

Table 9: Gantry PDS compliance summary.

PDS Requirement Priority Target Achieved Status

Translational posi-
tioning accuracy

MUST ±1 mm X-axis: ±1 mm; Y-axis: ±5 mm Partial

Structural stability
during operation

MUST No excessive vi-
bration or deflec-
tion

Noticeable forward tilt; X-axis
swinging during translation

Fail

Rotational mecha-
nism incorporated

MUST Array holder can
rotate

Rotation integrated but impre-
cise; calibration unsuccessful

Partial

Automatic scanning
operation

MUST Full scan cycle
without human
intervention

Manual data acquisition trigger
required at every scan position

Partial

First, there was a slight tilt in the gantry during scanning. The X-axis slider and its attached compo-

nents caused the gantry beam to tilt forward due to loose tolerancing. Although this forward tilt was

reduced after several design iterations, there was still a significant effect on the accuracy of testing.

For example, when pressing the array onto the scan object, the gantry would tilt the other way to

accommodate for the force being applied to the scan object. Additionally, the X-axis sliders did not

have enough structural rigidity during translation and the slider would swing during testing due to

this lack of support. To resolve this, guide rails could be installed along the X-axis, similar to the

guide rails used in the Y-axis as shown in Figure 5b. A longer contact length between the slider and

the leadscrew might be able to compensate the tall slider and improve the stability. Other future im-

provements would include to replace the C-beam with 3D printing of different slider designs compared

to the failed initial design shown in Figure 6a which would significantly reduce the mass.

Secondly, the metal plates that were incorporated in the final assembly, shown in Figure 8, could be

better integrated in the slider design. The metal plates were introduced as a mitigative action against

the inaccuracy of in translation from 3D printed parts. The 3D prints failed to withstand repetitive

translation and the threading of the leadscrew destroyed the slider hole. This can be prevented by

using metal as the contact point for translation with the leadscrew. Another source of translational

inaccuracy was the Y-axis slider which did not have smooth motion, specifically near the ends of each

side of the leadscrew. Metal lubricant was initially sprayed on all the leadscrews to reduce friction

but the accuracy of translation remained the same. It was assumed that the mechanical stalling were

caused by damage to the leadscrew as it was procured from the university inventory. Swapping this

out for an ACME leadscrew may resolve the issue. It could also be that the metal-to-metal contact
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between the leadscrew and metal plates were not smooth, causing friction and stalling.

The rotational mechanism was successfully integrated into the array holding mechanism, but it did

not achieve the required precision needed for rotation. This is likely due to small clearances in the

rotational block and at the connection between the array clamp and the rod. The clearance of the

hole in the rotational block was not intentional, as the drawing submitted to the technical services

had an exact dimension of 10 mm, as shown in Figure 9. However, the actual hole dimension of 10.2

mm was measured after the block was manufactured. In addition, uneven pressure on the scan object

caused by the forward tilt of the supporting sliders also increased friction on one side of the array

and reduced rotational accuracy. This meant that using the Radon transform to image 3D volumes

using 1D arrays was not possible as it required very high rotational accuracy. This would reduce the

reliability of volumetric reconstruction and make stitching more difficult. To address this issue, the

rotational block should be manufactured with tighter tolerances. The rotational shaft could also be

supported with a bushing or bearing to reduce wobble and help the array to remain normal to the

sample surface during scanning. Alternatively, a stepper motor with a higher holding torque could be

utilised to hold the array in place and resist the forces which affect its rotational position.

The gantry achieved semi-autonomous operation. Translational and rotational motion were coordi-

nated by the Scan PC without manual input at each scan position. However, two manual dependencies

remained. First, data acquisition had to be manually triggered on the University PC at every scan

position. Establishing a link between the Scan PC and the University PC would be the primary step

required to achieve full autonomy. Secondly, the Z-axis scan height had to be set manually by the

user prior to each scanning session. Although this was functional, this introduced variability in the

contact force between the array and the scan object, potentially causing inconsistencies between scans.

A more robust solution would be to integrate a compression load cell [33] between the array and the

clamp. This would provide a direct measurement of the contact force at each scan position allowing

a repeatable contact condition to be set automatically. However, this would require a redesign of the

existing clamp. As a first prototype, the platform establishes a good foundation for future work and

validates the core concept of automated ultrasound testing for microstructure characterisation.

7 Preprocessing and Imaging (OB, OD, TT)

7.1 Filtering (OD)

Figure 15: Data process shown on data with a circular defect present.

The raw data collected by the automated gantry had to be processed prior to imaging. This included

filtering, cropping, compressing, and generating the metadata required by the imaging algorithm such

as the speed of sound and element positions. An overview of the raw data pipeline is shown in Figure 15
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and all information can be found in the project’s GitHub [34]. The raw data is stored in .mat files by

the MicroPulse FMC and PC. Each scan was averaged 64 times to reduce the effect of random noise

and any signal sample which crossed the threshold (1000) was replaced by the subsequent sample.

The raw .mat files were converted into multiple .csv files (metadata, element positions, firing orders)

and a .h5 file for the time-trace data for quicker read/write speeds. The time-trace data was cropped

to reduce memory bandwidth for future operations by removing unnecessary data, and compressed

after filtering by limiting the floating point precision to 32 bits. Reducing this from 64 bits provided

sufficient accuracy while significantly reducing memory requirements. This is shown in Figure 16 where

the compression led to no noticeable difference in image quality. The mean percentage difference was

9.83e-07% and the maximum percentage difference was 2.57e-04%.

Figure 16: Comparison of TFM images for an aluminium sample using a 128 element, 10MHz array:
(a) TFM image obtained from 64-bit precision, (b) TFM image obtained from 32-bit precision, and
(c) the percentage difference between the images.

The filter used for these operations was a bandpass filter with a cosine-tapered transition [35]. Each

signal was first centred by subtracting the mean to eliminate DC offsets. The signals were then

transformed into the frequency domain using a Fourier Transform. A bandpass filter was applied

over the frequency domain from fmin to fmax (the minimum and maximum frequencies that the filter

would affect). These were defined as a percentage of the centre frequency, fcentre. Rather than a

simple rectangular window, a tapered cosine window was applied to the selected frequency indices.

This is characterised by the α parameter which controlled the drop-off from the peak of the filter.

This allows the filter to be more rectangular or Gaussian depending on the data being processed. An

example of the filter being used on a pure sample signal is shown in Figure 17.

As seen in Figure 17, the bandpass filter successfully removed unwanted noise from the time domain

signal. For pure samples, a smooth filter (α = 1) with a wide frequency band (fcentre±80%) produced

high-contrast, low-noise reconstructions suitable for imaging microstructural backscatter. On the other

hand, the best results for imaging defects used a near-rectangular filter (α = 0.2) and a much shorter

frequency band (fcentre ± 20%). An example of the filter used for samples with defects is shown in

Figure 46 in appendix A. The importance of correct filtering is highlighted in subsection 7.3.

For defect detection, the dominant signals arise from strong, spatially localised reflections, producing

coherent responses concentrated around the transducer’s centre frequency. A narrow, rectangular

bandpass filter was sufficient to isolate the high amplitude components while suppressing out-of-

band noise. In contrast, microstructural backscattering arises from the cumulative interaction of
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Figure 17: Time domain A-scan (left) of a pure aluminium sample filtered using a bandpass filter in
the frequency domain (right).

the ultrasonic wave with many grain boundaries of varying orientation and size. This produces a

more distributed and stochastic signal, where the energy may spread over a broader frequency range.

Consequently, a wider and smoother bandpass filter was required to preserve the full spectral content

of the backscattered signal.

7.2 Speed of Sound (OD)

Accurate knowledge of the material’s speed of sound is essential for TFM imaging, as it directly governs

pixel scaling and the spatial localisation of reconstructed features. It was crucial for the stitching

operations to have accurate pixel sizing. To obtain a reliable estimate, the target material was scanned

at a minium of three distinct locations using a 5MHz array, and the mean of the results was taken

to reduce the effects of local variability. A 5MHz array was selected to ensure sufficient penetration

depth, enabling clear observation of back wall reflections. Higher frequency waves experience greater

attenuation within the material, which can weaken the reflections and reduce measurement reliability.

Figure 18: Time trace with triggers for speed of sound calculation.
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As shown in Figure 18, two trigger points were placed on the first and second back wall reflections.

The speed of sound was calculated from the time difference between these reflections. Measuring

the time-of-flight from the initial excitation to the first back-wall reflection would introduce latency

associated with the transducer and acquisition system. By instead measuring between successive

back-wall reflections, this constant offset was eliminated, resulting in a more accurate estimate of the

propagation time within the material.

Figure 19: A closer look at the speed of sound triggers.

Consistent trigger placement was critical to ensure repeatability of the measurement. For each mate-

rial, an amplitude threshold was defined such that a trigger was placed at the point where the signal

first exceeded the value. For the pure aluminium sample, a threshold of 0.2 was used, as shown in

Figure 19. To further improve accuracy, the trigger position was linearly interpolated between the

two nearest samples, reducing discretisation error. Although this approach produced consistent align-

ment of trigger points across successive back wall reflections, it required some level of trial and error

depending on the material used. By visually inspecting the time traces, an appropriate threshold was

chosen for the triggers to correctly intersect the back wall reflections as shown in Figure 19.

The time difference between the two trigger points was measured and combined with the known sample

thickness, obtained using callipers, to calculate the speed of sound. It should be noted that this

measured time corresponds to a round-trip propagation between reflections, and therefore represents

twice the physical thickness of the sample. The speed calculated in aluminium and copper using this

method was 6369.9 m/s and 4636.1 m/s. This is in accordance with the accepted values of 6420 m/s

and 4760 m/s [29]. This corresponds to errors of 0.78% and 2.60% respectively.

7.3 Total Focusing Method (OD)

The Full Matrix Capture (FMC) acquisition process provides a comprehensive dataset containing all

transmit–receive element combinations. However, this data alone does not directly yield an inter-

pretable image of the material. An imaging algorithm is therefore required to reconstruct the spatial

distribution of reflectors within the inspection region.

The Total Focusing Method (TFM) is widely used for this purpose, as it enables high-resolution

image reconstruction by synthetically focusing at every point within the domain. Unlike conventional

phased array imaging methods, which rely on predefined focal laws and limited angular coverage during

acquisition [10], TFM performs dynamic focusing retrospectively using the complete FMC dataset.
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For each pixel location, the travel time from every transmit–receive element pair is calculated, and

the corresponding signals are coherently summed. This ensures that all available aperture information

contributes to every image point, resulting in improved spatial resolution and increased signal-to-noise

ratio. However, this comes at the cost of significant computational complexity. The image intensity at

a given point was calculated by summing the time-aligned signals from all transmitter–receiver pairs,

as defined in Equation 5:

I(x, y, z) =

∣

∣

∣

∣

∣

Ntx
∑

t=1

Nrx
∑

r=1

[

Atr

(

dt(x, y, z) + dr(x, y, z)

c

)]

∣

∣

∣

∣

∣

(5)

where I(x, y, z) represents the reconstructed image intensity at the point (x, y, z) within the inspection

region. The summations were performed over all transmitting and receiving array elements, where

Ntx and Nrx denote the total number of transmit and receive elements respectively, and the indices t

and r correspond to a specific transmitting and receiving element pair. The term Atr represents the

recorded A-scan signal corresponding to transmission from element t and reception at element r. The

quantities dt(x, y, z) and dr(x, y, z) represent the geometric distances between the image point (x, y, z)

and the transmitting and receiving array elements respectively. These distances are defined as

dt(x, y, z) =
√

(x− xt)2 + (y − yt)2 + (z − zt)2, dr(x, y, z) =
√

(x− xr)2 + (y − yr)2 + (z − zr)2 (6)

where (xt, yt, zt) and (xr, yr, zr) denote the spatial coordinates of the transmitting and receiving ele-

ments. The total propagation time from the transmitting element to the image point and back to the

receiving element is therefore (dt(x, y, z) + dr(x, y, z))/c, where c is the speed of sound in the target

material. Linear interpolation was used to extract the respective intensity from the A-scan, Atr.

To improve the visual representation of the reconstructed images, a Hilbert transform was applied

as a post-processing step to extract the envelope of the TFM image. While the Hilbert transform is

conventionally defined for a 1D time-signal, the reconstructed TFM image retains oscillatory behaviour

along the depth of the image due to the underlying ultrasonic wave field [36]. This treated each column

of the image as a 1D signal. The analytic signal is defined as

Ia(x, y, z) = I(x, y, z) + iH{I(x, y, z)} (7)

where Hz{·} is the Hilbert transform applied along the depth axis (z). The envelope image was then

obtained via

A(x, y, z) = |Ia(x, y, z)| (8)

This operation suppresses the high-frequency oscillations associated with the ultrasonic carrier wave,

producing a smoother intensity field that better represents the spatial distribution of backscattered

energy. This is shown in Figure 20 where the use of the Hilbert envelope significantly enhances the

visibility of microstructural backscatter in the pure sample. Furthermore, the reduced oscillatory

content improves the robustness of cross-correlation during stitching in section 8, as the envelope

provides a more stable intensity pattern.

The Hilbert transformed TFM image in Figure 20 was further improved by normalising the image

amplitude with respect to its maximum value and converted to a decibel scale using a logarithmic

27



Figure 20: Comparison of TFM images for an aluminium sample using a 128 element, 10MHz array:
(a) TFM image obtained from the filtered data, (b) Hilbert transform applied to the image, and (c)
normalised image in decibel scale from 0 to -20dB.

transformation. The dynamic range compression enhanced the visibility of low amplitude features

while preserving relative contrast. The importance of filtering is also highlighted in Appendix A in

Figure 47, where the same images were processed on unfiltered data, and any semblance of microstruc-

tural backscattering is not visible.

Prior to stitching, it was found that cropping the warped parts of the images improved the stitching

results. The reason for this is presented in Figure 21.

Figure 21: Warping occurring on a persistent feature during a scanning sweep in aluminium.

The scans shown in Figure 21 were taken during an experimental procedure with pure aluminium

where a 3D printed guide was used to move the scanning array by 5mm increments over the surface of

the material. This experimental procedure is shown in Figure 22a. Figure 21 highlights the effect of

warping on the extremities of the array’s length, where the red contoured feature maintains structure

directly under the array (middle two images) and stretches on the extremities (first and last image).

This occurs as features on the sides are being imaged by elements on the opposite end of the array,

at steep angles. The use of an angular filter was explored where only elements within a certain angle

of a pixel would contribute to the imaging, but this led to less spatial resolution compared to using

all elements available at each point in the image. The use of a binary threshold was also found to

improve the reliability of the stitching and this is explained further in section 8. An example of the

cropping and binary threshold is shown in Figure 22b.

7.4 Hardware Acceleration (OD)

The computational cost of TFM is significant due to the requirement to evaluate contributions from all

transmit–receive element pairs at every pixel in the image domain. For typical imaging parameters,
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(a) Aluminium scanning sweep
using 3D printed jig. Each divi-
sion corresponds to 5 mm.

(b) Cropping and binary threshold
applied to a TFM image.

Figure 22: Experimental scanning setup and pre-stitch processing.

e.g. 400 × 400 pixels and a 128 element array, this results in 160,000 transmitter-receiver distance

calculations with 16,384 time traces to look across. A naive CPU implementation therefore becomes

prohibitively slow when reconstructing many images, generating large volumes of simulated data, or

performing 3D imaging on 2D arrays.

The code was written and compiled in C++ with the use of the OpenMP library [37] for multi-

threading on the CPU. Moreover, an initial GPU-based implementation was developed to accelerate

the TFM computation by exploiting the inherent parallelism of the problem. Since each pixel cal-

culation is independent, these could be assigned to individual GPU threads [38]. In this baseline

approach, each image was processed sequentially by loading raw FMC data and transferring it to an

AMD Radeon RX 6900XT with 16GB of VRAM. A GPU kernel was launched for the image, and after

the calculations were completed, the results were copied back to host memory. This process repeated

for subsequent images. While this reduced image computation time compared to the CPU imple-

mentation, it introduced substantial overhead due to repeated kernel launches, frequent CPU-GPU

memory transfers, and redundant preparation of geometric data. Additionally, the GPU remained

idle during CPU-side file I/O, leading to poor overall utilisation. This is illustrated in Figure 23.

Figure 23: Sequential GPU processing. Diagram not to scale.

A batched processing pipeline was implemented to improve GPU utilisation and overall throughput.

Instead of processing images sequentially, multiple FMC datasets were grouped into batches and

processed simultaneously on the GPU. A single kernel was now used to process an entire batch of

images rather than launching a kernel per image. This improved kernel launch overhead efficiency and
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GPU occupancy. Moreover, the geometric quantities required for TFM were invariant across images

within a scan. These were computed once and reused for all subsequent batches, eliminating redundant

computation and memory transfers. Another improvement was the use of pipeline parallelism between

the CPU and GPU. While the GPU processed batch n, the CPU simultaneously loaded and prepared

batch n + 1. This overlap hid some of the I/O latency and increased GPU utilisation. The GPU

batching is illustrated below in Figure 24.

Figure 24: Batched GPU processing. Diagram not to scale.

The optimisation shown in Figure 24 compared to that in Figure 23 focused on maximising throughput

rather than minimising latency for a single image. During intensive scanning operations, this was

preferred as the GPU preparation overhead was negligible thanks to the efficiency gains observed in

the overall processing time. On the other hand, when imaging a few scans with varying parameters, the

sequential GPU processing was more suitable. The results of the hardware accelerations is summarised

in Table 10 which shows that using a batched GPU method was 726 times faster than the Python

implementation, and 120 times faster than multi-threaded C++. Future implementations could extend

the parallelism to the synthetic data’s FMC simulations and increasing the speed of stitching. More

work could be done to optimise the initial batch load, which currently heavily affects the overall

imaging time.

Table 10: Time taken for a 400x400 TFM image.

Language Single/Multi Threaded Hardware Time Taken [s]

Python Single CPU 131.4
C++ Single CPU 108.8
C++ Multi CPU 21.81
C++ Multi GPU 0.223
C++ Multi (Batch) GPU 0.181

7.5 2D Array Processing (OB, OD)

Rotating a 2D array about its centre was found to be beneficial in improving stitching performance

in experimental scans. During an experimental procedure performed on a copper sample shown in

Figure 25a in Appendix A, four scans were taken 90◦ to each other at each position, and the array

was moved 2mm between each position. By rotating the array as shown in Figure 25a, the effective

coverage of the internal volume was improved. Each rotation gave unique angles of the same volume,

strengthening persistent features.

Three methods were compared to accumulate the 4 rotations into 1 image, maximum, mean and

median. The accumulation of each successive translational position was stitched by the methods

described in section 8 and the results are shown in Figure 26. All accumulation methods identified the
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(a) 2D array element positions during
rotations.

(b) Max accumulation isosurface
on experimental data.

Figure 25: 2D array rotations and the corresponding isosurface produced via max accumulation.

correct experimental shift. However, max accumulation provided the lowest dip either side of the peak.

This gave it more certainty than the other two methods, and so was the choice of accumulation when

combining 2D array data. The normalised curves of Figure 26a are shown in Figure 26b. Normalisation

was used out so the graphs’ shapes could be compared.

(a) Cross-correlation graphs for different accu-
mulation methods.

(b) Normalised graphs for shape comparison.

Figure 26: Original and normalised correlation graphs of different accumulation methods.

7.6 Radon Transform (TT)

The Radon reconstruction method can be employed to reconstruct 3D volumes from 2D slices imaged

by a 1D array. As described in Section 4.4, the array could rotate around a fixed axis normal to the

sample surface through N angular positions, θk uniformly spaced over [0◦, 180◦). Each θk produced

a 2D TFM slice of the volume, and the N slices were stacked into a 3D array indexed by (z, x, θ),

representing the same physical region imaged from progressively rotated orientations. The angular

step between successive scans was set to 5◦, corresponding to N = 36 slices over the half-rotation.

This value was identified as the point at which image quality converges, with finer sampling producing

no observable improvement [39]. At each depth z0, the row of pixels across every angular slice was

assembled into a sinogram in (θ, xθ) space, and an inverse Radon transform recovered the reflectivity

distribution at that depth. Stacking the per-depth reconstructions produced the full 3D volume, as
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shown in Figure 27.

This method relied on each row of the 2D TFM slice at z0 behaving as a line integral of the reflectivity

through the full 3D volume, rather than through a narrow slab at y = 0. This was because TFM

pixel values were computed from true 3D element-to-pixel distances: scatterers off the y = 0 plane

contributed to the reconstructed row with the correct time of flight and were therefore included in the

projection. Element elevation directivity attenuates contributions from scatterers far from the scan

plane, placing a practical limit on the effective reconstruction volume. The minimum required angle

for accurate, low noise reconstruction using this method was 5◦ [39]. The implementation used was

verified against synthetic volumes, as shown in Figure 27.

Figure 27: Radon reconstruction pipeline. (a) The 1D array (red) rotates through angle θ about a
fixed vertical axis at the centre of the sample. Three scatterers s0, s1, s2 are placed at known positions
inside the volume. (b) Three TFM slices at representative scan angles. (c) Sinogram at z0 = 20 mm,
formed by stacking the z0 row of every angular scan. Overlaid curves show the theoretical projection
trajectories for s0 at (x, y) = (0, 0) mm and s1 at (x, y) = (5, 3)mm. (d) Inverse-Radon reconstruction.
All three scatterers appear at their known positions.

8 Volume Stitching (OB)

Once the images were processed, stitching was performed to reconstruct the full scanned volume. Mul-

tiple stitching techniques were evaluated to determine the most suitable approach for this application.

Table 11 summarises the methods considered, along with their underlying principles, capabilities, and

limitations.

Template matching methods (TMMs) were selected as the most appropriate approach for this ap-

plication, as the expected variation between scans was limited to translation. This assumption was

32



Table 11: Comparison of image stitching methods.

Method Principle Strengths Limitations

Phase Corre-
lation

Estimates translation us-
ing phase differences in
the Fourier domain.

Highly robust to noise,
precise translation esti-
mation.

Sensitive to boundary effects
and shape changes. [40]

Feature-Based
Methods

Detects key points be-
tween images.

Handles translation,
rotation, and scaling,
widely applicable.

Struggles with repetitive or
textureless images [41].

Template
Matching

Searches for the best
match of a template us-
ing similarity metrics.

Simple and intuitive, ef-
fective for translation
detection.

Limited to translation, com-
putationally expensive, sensi-
tive to variations in scale, il-
lumination, and warping [41].

based on the design of the gantry, where the array would either return to its original orientation or

stay at a 180◦ angle for the next scan, meaning there should be no change in angle from the scans.

Accounting for rotation or scale variations would introduce unnecessary computational complexity and

increase the risk of error without providing additional benefit. The effects of rotational misalignment

are discussed in subsection 10.3.

Different TMMs rely on different similarity measures, which include the sum of absolute differences

(SAD) and sum of squared differences (SSD) [41]. However, these approaches operate directly on raw

pixel intensities and are therefore sensitive to changes in brightness and intensity [42]. Normalised

cross-correlation (NCC) was selected as the similarity measure due to its robustness to variations in

signal amplitude and brightness. Unlike SAD and SSD, NCC standardises the signals to have zero

mean and unit variance before comparison. As a result, NCC compares the similarity of the intensity

patterns between signals. This makes it invariant to linear changes in brightness and contrast.

However, NCC still depends on pixel intensities. It evaluates how well the relative variations in

intensity between two signals align, making it well suited for detecting translations in signals with

consistent underlying features but varying amplitude [41]. NCC provides a convenient interpretation,

as it produces a bounded similarity score and is less sensitive to large local deviations compared to

SSD, which squares intensity differences.

8.1 Stitching Implementation

Direct voxel-wise comparison of two 3D volumes is computationally expensive and sensitive to noise.

Conversely, collapsing the entire volume into a single 1D signal (as is often done in 2D stitching)

results in a loss of spatial information, making it difficult to distinguish between multiple features and

can lead to the wrong shift being chosen, especially when the images in question have random grain

structures.

To mitigate noise sensitivity while avoiding substantial loss of spatial resolution, a grid-based approach

was adopted. The volume was split into multiple tiles, each of which was reduced to a 1D signal along

the stitching axis by averaging over its perpendicular plane.

As illustrated in Figure 28, the grid is defined in the plane perpendicular to the direction of translation.

It should be noted that Figure 28 presents only a subset of the full grid and is intended solely as a
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schematic demonstration of how individual tiles operate on an example volume.

Figure 28: Illustration of the grid-based stitching approach.

Each tile produces its own signal and cross-correlation is computed across the entire overlap in each

tile. For example, if there was a 4x4 grid, and the overlap being tested is 10 voxels, there would be 160

cross-correlation calculations for this one step. For a 200x200x400 image, the algorithm must check

400 potential shifts (±200) and 800 pixels in each plane. This showcases the need for a reasonable grid

size. Stitching images of these dimensions took between 5.4 and 34.5 seconds for 6x6 and 100x100 grids

respectively. A 15x15 grid was used throughout this project. With a stitching time of 6.4 seconds, it

was one of the faster grids but it also preserved spatial resolution. The NCC score is computed with

Equation 9 below.

Cnorm,r,c(k) =

∑

x p1,r,c(x) p2,r,c(x+ k)
√
∑

x p1,r,c(x)
2
∑

x p2,r,c(x+ k)2
(9)

where p1,r,c(x) and p2,r,c(x) represent the one-dimensional signals extracted from the corresponding

tile at position (r, c) in volumes 1 and 2, respectively, and x indexes the coordinate along the stitching

axis. By implementing Equation 9, the signals from corresponding tiles in each volume should match

each other when the correct shift is chosen. Figure 29 shows the signals from corresponding tiles that

voted for the chosen shift, the resulting NCC curve and a 2D slice of the reconstructed image where

the white spots are where the two images’ hotspots overlap.

(a) Example signals extracted from
corresponding tiles in two overlap-
ping volumes.

(b) Example normalised cross-
correlation curve.

(c) Example stitch overlay.

Figure 29: Intensity graph overlap, normalised cross-correlation result and resulting stitch.

Figure 29a shows that while the signals are not perfect matches, they share the same general shape.
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8.2 Algorithm Pipeline

The volumes first undergo preprocessing to reduce systematic correlation. As described in subsec-

tion 7.3, unreliable regions, such as the top of the volume, which exhibit a strong and consistent signal

from the array’s initial signals being reflected are cropped out. These strong, consistent signals are

illustrated in Figure 30 which shows adjacent 3D images at z=0 and the percentage difference between

them. Some percentage differences are large because it compares every pixel. This means if a pixel

is white when it was black in the other image, a large percentage difference will be found. The mean

percentage difference between these images is 11% but the near identical shape shows how the signals

are very similar.

Figure 30: Comparing the top slice between 3D TFM images.

The sides of the volumes are also omitted from the cross-correlation calculation as the score can often

increase towards the sides of the volumes which can be seen in Figure 29b. This is likely due to

the reduced number of voxel planes in these regions, which limits the averaging of random intensity

variations and can lead to artificially elevated correlations. The volumes are then divided into the

grid in the plane perpendicular to the axis of translation e.g. y-z plane when translation is in x.

The 1D signals are then extracted by averaging the pixel intensities in each tile in the grid. This 1D

signal is then normalised to zero mean and unit variance and NCC is computed for each tile across

the candidate shifts.

The NCC scores are then summed for each candidate shift and the shift with the highest score is

chosen as the global shift to reconstruct the volume. Finally, the images are blended together across

the overlap so there aren’t any seams. Blending is carried out with intensity ramps which transfer

intensity values linearly from a 1:0 ratio at one side of the overlap to a 0:1 ratio at the other side of

the overlap.

8.3 Stitching in Two Dimensions

As the project required scanning a complete material sample, the stitching algorithm was extended

to handle multiple images across both axes, introducing the challenge of overlap in two dimensions.

As shown in Figure 31, scans 1&2 and 3&4 overlap purely along the x-axis, while scans 1&4 and

2&3 overlap along the y axis. However, all four scans also overlap in the centre, so each stitch

could be influenced by non-adjacent images. To avoid this, stitching was restricted to immediately

adjacent scans. When two images were stitched, any subsequent image was aligned only with its direct
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neighbour, rather than with an already-stitched composite.

The full volume was then assembled after all pairwise shifts were calculated. Shifts along the x-axis

were computed first to form rows. These rows were then aligned by estimating a y-axis shift, which

was assumed to be globally consistent for each pair of rows. This shift was calculated using the final

image of the previous row and the first image of the next row, as this was the only pair whose relative

displacement was purely in the y-axis. Other inter-row pairs couldn’t be assumed to align purely in y,

due to inaccuracies in the gantry positioning and therefore weren’t used for a y-axis stitch estimation.

To ensure no seams appear after stitching, blending was carried out on each row of images indepen-

dently and then the rows were blended together using the same technique as outlined in subsection 8.2

Figure 31: 2x2 scan of a block.

The algorithm can stitch any number of images together. For example, the stainless steel block shown

in Figure 32a was reconstructed into Figure 32b from 9 scans.

(a) Stainless steel block. (b) Reconstructed block.

Figure 32: 9 scans reconstructing a stainless steel block.

9 Synthetic Data Generation (TT)

9.1 Motivation

The purpose of the synthetic pipeline is to generate images that are statistically representative of

experimental TFM scans with similar intensity distributions, speckle structures, and correlation be-

haviours as the experimental scans. The validation target is therefore that synthetic images produce

an NCC landscape of comparable shape and peak sharpness to the experimental one, meaning the

stitching algorithm faces a comparable difficulty in both cases.
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To validate the accuracy of the method, a known ground truth is required to compare the stitched

volume and measure the predicted shift to the real shift. Experimental data alone cannot provide this.

Although the gantry programmed a specific displacement between scans, mechanical backlash and

positioning error meant the true physical displacement was not known to sufficient precision to serve

as a reliable reference. Furthermore, the relationship between physical displacement and voxel shift

depended on the pixel size calibration, introducing an additional source of uncertainty. As a result,

experimental data could only be used to assess the consistency of the stitching algorithm through

bootstrap testing, as described in Section 10. Consistency, however, does not imply correctness as

a stitching algorithm could converge reliably to a systematically incorrect shift if, for example, a

dominant feature in the overlap region biases the NCC landscape. Synthetic data with a known

ground truth displacement is therefore the only method of directly measuring stitching accuracy.

Characterising algorithm performance across a range of overlaps, noise conditions, and feature densities

would be impractical to achieve experimentally, as each test case would require a full physical scan. A

synthetic pipeline allowed a large number of test cases to be generated automatically, enabling more

thorough and systematic validation.

9.2 Initial Method

Initially, the volume was generated by filling a 3D array with uniformly distributed random values

scaled to a low intensity range (0.05-0.15). A Gaussian filter with a fixed standard deviation was

then applied to spatially correlate neighbouring voxels and simulate the grain structure of the sample.

Defects could then be inserted as geometric shapes (cylinders, spheres...) at higher intensities (0.85-

0.95). This treated each defect as a fixed object with the same appearance from every viewing angle,

whereas in real TFM data the reconstructed shape of a defect depends on the angle from which the

array images it. As shown in Figure 33, this produced a uniform correlation length throughout the

volume, unlike the spatially varying speckle of experimental TFM backscatter [43], and yielded NCC

peaks that were sharper and more well-defined than those observed experimentally. The stitching

algorithm therefore performed artificially well on this data, motivating a physics-based forward model

capable of reproducing the underlying scattering behaviour rather than mimicking its appearance.

9.3 Born Forward Model

When an ultrasonic wave propagates through a polycrystalline metal, it encounters a medium whose

acoustic impedance is not uniform. Each grain has a slightly different crystallographic orientation, and

this translates into a small spatial variation in density and elastic stiffness, and therefore in acoustic

impedance Z = ρc. The backscattered signal recorded by the array is the sum of weak echoes produced

wherever the impedance changes, and in the case of pure metals with no defects, this occurs at grain

boundaries. Reconstructing this signal from first principles requires solving the acoustic wave equation

in a medium with spatially varying wave speed. After transformation into the frequency domain, this

reduces to the Helmholtz equation [44],

(

∇2 + k20
)

p(r) = −k20 γ(r) p(r) (10)

where p(r) is the total acoustic pressure, k0 is the wavenumber in the background medium, and γ(r) is

a dimensionless contrast function describing local deviations from that background. Equation 10 is an
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Figure 33: (a) Initial Gaussian-smoothed synthetic volume, (b) experimental TFM data, and (c)
normalised NCC curves for the synthetic and experimental data.

implicit equation, and so solving this is analytically intractable for anything beyond isolated scatterers.

Numerically, this requires finite element methods which is computationally expensive, especially for

the large volume of 3D datasets the validation pipeline requires to statistically validate the stitching

algorithm.

9.3.1 Born Approximation

The Born approximation circumvents this difficulty by exploiting the fact that in a polycrystalline

metal the impedance variation between the background medium and any individual scatterer is small.

If γ(r) is small, the total field inside each scatterer differs only slightly from the incident field pi(r)

that would exist in the unperturbed medium. Replacing p(r) with pi(r) on the right-hand side of

Equation 10 decouples incident and scattered contributions and linearises the problem: each scatterer

now radiates independently in response to the known incident field, with no re-scattering. The scat-

tered pressure at an observation point r can then be written as a volume integral over the contrast

distribution,

ps(r) = k20

∫

G(r, r′) γ(r′) pi(r
′) d3r′ (11)

where G(r, r′) is the free-space Green’s function describing propagation from a point source at r′ to the

receiver at r. For the weak-impedance-fluctuation regime relevant to polycrystalline grain scattering,

the contrast function reduces to the impedance perturbation normalised by the background impedance,

γ(r) ≈
δZ(r)

Z0

(12)
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where Z0 is the background acoustic impedance and δZ(r) is its local perturbation. Specialising

Equation 11 to a compact scatterer of volume ∆V over which γ is approximately constant reduces the

volume integral to a point-scatterer amplitude a proportional to impedance contrast [45]. Adopting

the weak-contrast reflection coefficient R ≈ δZ/(2Z0) [44] as the amplitude normalisation gives

a ∝
δZ

2Z0

·∆V. (13)

Every scatterer in the simulated volume contributes an echo whose amplitude is proportional to the

local impedance jump and whose arrival time is determined by the geometric time of flight. The

validity of this formulation rests on three assumptions [44]:

• The impedance contrast must be weak, |δZ/Z0| ≪ 1, so that the replacement of p(r) by pi(r)

introduces only a small error. In polycrystalline aluminium and copper, grain-to-grain impedance

fluctuations are of order 1–3%.

• Single scattering must dominate, requiring that the acoustic mean free path exceed the charac-

teristic scatterer spacing, so that the neglected multiple-scattering terms remain negligible.

• The phase accumulated across a single scatterer must be small, k0 · |δc/c| · L ≪ 1, so that the

incident field is approximately uniform over its volume and the integrand in Equation 11 can be

treated as constant [46].

These conditions are satisfied for the microstructural backscatter regime that the stitching pipeline is

designed to validate.

9.3.2 Voronoi Grain Structure

Polycrystalline metals consist of discrete grains separated by sharp boundaries, across which acoustic

impedance changes abruptly due to differences in crystallographic orientation between neighbouring

grains [47]. In Equation 13, these boundaries are the sites where δZ ̸= 0, and they therefore constitute

the population of weak scatterers responsible for the diffuse backscatter observed in experimental

TFM images. To reproduce this in simulation, the volume is constructed using a Voronoi tessellation,

which partitions 3D space into discrete cells by assigning each voxel to its nearest randomly seeded

nucleus [48]. Each cell represents a single grain, and the sharp interfaces between cells represent

grain boundaries. This approach is well established in the computational ultrasonics literature as a

statistically representative model of polycrystalline microstructure and has been shown to reproduce

ultrasonic scattering characteristics comparable to those measured experimentally [49]. Each grain

is assigned an acoustic impedance drawn from a narrow Gaussian distribution about the background

value as shown in Equation 14,

Zi = Z0(1 + εi), εi ∼ N (0, σ2) (14)

with σ ≈ 0.03, which represents the weak grain impedance contrast typical of metals such as copper

[47], and sits within the weak-contrast regime required by the Born approximation. The mean grain

size was set to 0.5 mm, within the 50µm to 2mm range reported for copper components [50]. At

7.5 MHz in copper, the wavelength is λ ≈ 0.6mm, so the grain size is comparable to the wavelength.

This produces the diffuse speckle pattern characteristic of coarse-grained polycrystalline backscatter
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[51], and matches the experimental TFM images more closely than the Gaussian-smoothed approach

(Figure 34).

Figure 34: Voronoi-based grain model (right), and Gaussian-smoothed volume (left)

9.3.3 Scatterer Extraction

The Voronoi tessellation defines the impedance field, but Equation 13 requires a discrete list of scat-

terers with associated amplitudes before the forward model can evaluate the scattered pressure. Since

scattering occurs only where the impedance changes, the signed impedance gradient is computed along

each of the three voxel-grid axes; wherever this gradient is non-zero, a scatterer is emitted carrying

the magnitude and sign of that gradient. The corresponding Born amplitude follows directly from

Equation 13,

δ =
∆Z

2Z0

(15)

where δ is the normalised Born amplitude of a single voxel scatterer and ∆Z is the signed impedance

difference across the voxel along the relevant axis. To keep the scatterer count manageable and reduce

the computational cost without loss of physical content, voxels whose Born amplitude falls below a

small threshold are removed from the scatterer list, since their contribution to the reconstructed image

is negligible.

9.3.4 Waveform Synthesis and Elevation Directivity

The forward model evaluated the signal recorded at each transmit–receive element pair by summing

the contribution of every scatterer in the volume. For a given transmitter–scatterer–receiver group,

the arrival time of the scattered echo was computed geometrically from the sum of the transmit-leg

and receive-leg propagation distances divided by the wave speed. The amplitude at the receiver is

the scatterer’s Born amplitude multiplied by four factors: a spherical spreading term 1/r on each

leg, an exponential material attenuation e−αrtot over the total round-trip path rtot = rts + rrs, and

element directivity factors applied at both the transmitting and receiving elements [52]. Real array

elements are not mathematical points but rectangular apertures of finite width in both the array-axis

and elevation directions, so each element radiates and receives with an angle-dependent sensitivity
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rather than isotropically [44]. This finite extent is captured by modelling the element directivity as a

separable product of two sinc functions, one over each aperture dimension, so that scatterers lying off

the element’s central axis are appropriately attenuated.

The collection of amplitude–arrival-time pairs for a given element pair forms an impulse train, which is

convolved with a Gabor wavelet matched to the transducer’s centre frequency and fractional bandwidth

to produce the physical waveform. The pulse-echo wavelet is used because it approximates the pulse

shapes produced by real piezoelectric transducers [53]. To keep the computational cost low, the

scatter-addition step is implemented as a vectorised accumulation into a two-dimensional element-

by-time array, and the convolution is batched across all element pairs. The final volumes were then

processed through the same TFM algorithm defined in Section 7.3.

9.3.5 Model Limitations

The Born forward model described above captures only single-scattered longitudinal echoes from grain-

boundary impedance contrasts. Several other contributions present in experimental FMC data are

therefore absent from the synthetic volumes. Near-field artefacts from the array surface and coupling

layer as well as front-wall and back-wall reflections were omitted from the model. In the experimental

pipeline, both were removed by the depth-cropping stage described in Section 7.3, so their absence

was consistent with the processed experimental input.

Mode conversion between longitudinal and shear waves, and Kirchhoff scattering from hard defect

surfaces were omitted from the model. Mode-converted contributions are an order of magnitude weaker

than direct longitudinal grain scattering for the back-scattering geometry used here, so they were

excluded [46]. Defect-surface Kirchhoff scattering was also excluded because the stitching validation

targets the microstructural backscatter, where defect echoes would produce strong, well-localised NCC

peaks that make the stitching task easier rather than harder, and so their absence does not weaken the

validation. These assumptions were made to reduce computational cost without reducing validation

fidelity, which is assessed in Section 9.4.

9.4 Validation of Synthetic Data

9.4.1 Pixel Intensity Distribution

To validate the quality and accuracy of the synthetic data, it was compared with experimental data.

Visual inspection was insufficient to quantitatively asses the validity of the volumes, therfore the pixel

intensity distributions of the images were analysed.

The distribution of pixel intensities provided a check that the bulk statistics of the images agreed.

Figure 35 shows the normalised pixel intensity distributions for a representative copper volume pair.

The two distributions exhibit a heavy-tailed distribution with agreement quantified by a Kolmogorov–

Smirnov (KS) statistic of 0.018 (averaged from 59 experimental and synthetic distributions) [54].

Agreement at this level indicates that the synthetic and experimental volumes have comparable overall

brightness statistics and dynamic range. This statistic is not on its own sufficient as two images with

identical intensity distributions can have entirely different spatial structure.

The 2D spatial autocorrelation function (ACF) of a TFM slice characterises the length scale over which

the speckle pattern decorrelates. This correlation length is dependent on the underlying microstruc-
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Figure 35: Intensity distribution of the experimental and synthetic data (KS D = 0.018) (left), and
CDF comparison (right).

tural scattering physics as it reflected the combined effect of grain size, ultrasonic wavelength, and

the imaging point-spread function [55]. The synthetic pipeline must reproduce it if it is to represent

experimental data faithfully. Therefore, the ACF combined with the pixel intensity distributions gave

a strong indication of the validity of the synthetic data.

For each volume, the 1D ACF was computed independently along each of the three axes by averaging

across the two transverse axes, and then normalised so that R(0) = 1. The mean ACF and ±1σ

band were then taken across n = 56 synthetic volumes and n = 56 experimental volumes drawn from

separate copper scans. The 1/e crossing of each mean ACF was used as the summary statistic for

correlation length.

The results are shown in Figure 36. The two datasets exhibit the same qualitative ACF shape on

all three axes, and the ±1σ uncertainty bands overlap throughout the lag range. The 1/e correlation

lengths (synthetic / experimental) are 0.7 / 0.5 mm on z, 0.8 / 0.6 mm on y, and 0.8 / 0.8 mm on x.

These values are comparable to the ultrasonic wavelength in copper at 7.5 MHz (λ ≈ 0.6mm). The

synthetic correlation lengths are therefore equal to or longer than the experimental on every axis, with

the closest agreement on the x axis where the array provides the densest sampling and the largest

disagreement on the depth (z) axis where the correlation length is set by the pulse envelope. This

is consistent with the simulated Gabor pulse having a slightly longer envelope than the experimental

transducer response. While the absolute correlation lengths do not match exactly, the shapes and

decay rates of the ACFs are close enough that the speckle in the synthetic volumes decorrelates over

comparable spatial scales to the experimental data, which is the property the stitching algorithm

depends on.

Figure 36: Mean 1D autocorrelation functions of synthetic and experimental copper TFM volumes,
with ±1σ bands: (left) z-axis, (middle) y-axis, and (right) x-axis. The dashed line marks the 1/e
threshold used to define correlation length.
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9.4.2 NCC Curves

The intensity distribution and autocorrelation comparisons together establish that the synthetic vol-

umes reproduce both the brightness statistics and the spatial structure of experimental TFM speckle.

The final validation target is the NCC landscape itself, since this is the quantity the stitching algo-

rithm acts on directly. Figure 37 compares representative NCC curves computed from a synthetic

stitch and from an experimental stitch on the copper sample, across the same lateral shift range.

The two curves are qualitatively similar. Both feature a single dominant peak at the same shift with

comparable peak width, and both show similar rising shoulders at the extremes of the search range

arising from edge effects in the cross-correlation. The off-peak structure is also consistent between

the two cases, with some fine-scale variation in the negative-shift region but a closely matched overall

shape. Because the curves are individually normalised to a peak amplitude of one, this is a comparison

of shape rather than absolute correlation magnitude. This does not affect the stitching algorithm,

which identifies shifts from peak position relative to baseline rather than from absolute NCC.

This is a substantial improvement over the Gaussian-smoothed initial method, whose NCC peak was

significantly narrower than experimental and sat against a near-zero off-peak baseline (Figure 33). The

Born forward model therefore reproduces the NCC landscape that the stitching algorithm encounters

experimentally, which was the validation target stated in section 9.

The principal limitation of this comparison is the small number of experimental stitches available

as only four valid pairs were collected during the final experiment, which is sufficient to support a

qualitative shape comparison but not to make distributional statements about peak sharpness, baseline

noise, or peak-prominence variability. A larger experimental dataset would be needed to test whether

the synthetic NCC curve matches experimental data in distribution as well as in shape.

Figure 37: Representative NCC curves from a synthetic and an experimental stitch on copper.

10 Stitching Validation (OB)

10.1 Bootstrap Tests

Bootstrap testing was used to evaluate the robustness of the stitching algorithm. Here, robustness

refers to how sensitive the estimated shift is to variations in the input data, particularly given that

the volumetric images contain random grain structures and localised hotspots that vary spatially.

First, the stitching algorithm was applied to the full volumes to obtain a baseline shift estimate,
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which serves as a reference for assessing variability. Each volume was then divided along the z-axis

into a set of 3D bands. New volume pairs were constructed by randomly sampling these bands with

replacement, effectively generating alternative versions of the original data. This resampling process

produces datasets in which some regions may be over-represented, under-represented, or omitted

entirely.

The stitching algorithm was then applied to each resampled volume pair. This process was repeated

1000 times, producing a distribution of estimated shifts. A narrow distribution indicates that the

baseline shift estimate is stable and well-defined, whereas a wide distribution suggests greater uncer-

tainty, indicating that the algorithm does not converge to a single consistent solution for the given

data. Two examples of this bootstrap analysis are shown in Figure 38.

(a) Bootstrap test with experimental data (b) Bootstrap test with synthetic data

Figure 38: Comparison of bootstrap tests using experimental and synthetic data.

In both cases, the distributions were centred on the reference shift, indicating that the stitching

algorithm was generally robust. However, a clear difference in variability is seen between the two

datasets. The synthetic dataset in Figure 38b produces an almost perfectly centred distribution,

with 99% of bootstrap samples returning the same shift. This indicates extremely high stability and

suggests that the signal features driving the correlation are consistent and distributed throughout the

volume.

In contrast, the experimental dataset in Figure 38a exhibits a broader distribution, with the majority

of bootstrap estimates still clustered tightly around the original shift, but with a noticeable spread of 2

voxels, or 0.08mm. The increased variability reflects the increased difficulty of stitching experimental

data, where the shift-deciding features may be less uniformly spread over the z-axis and warping .

As a result, resampling different bands can alter the dominant correlation signal, leading to changes

in the estimated shift. Despite this variation, >95% of estimates were within 1 pixel of the original

value which shows that the algorithm remained reliable. The limited spread suggests that while

local structural differences influenced the correlation, they did not seriously compromise the overall

alignment result.

10.2 Certainty Metrics

To validate the stitching algorithm, 580 synthetic volumes or 290 volume pairs were created over

42 overlaps. The cross-correlation graphs show that, while the same overlaps often produce similar

peak structures and values, there is variation in height and shape within the same overlaps as seen in

Figure 39. Another source of variation is in the baseline noise levels. Some curves have well-defined

peaks while others display broader peaks or noise levels that trump the true peak. This behaviour is
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illustrated in Figure 39. For an 80% overlap, the cross-correlation curve exhibits a dominant, narrow

peak, indicating a high-certainty shift estimate. In contrast, a 40% overlap produces a broader and

less distinct which increases the chances of an incorrect shift.

(a) 80% overlap (b) 40% overlap

Figure 39: Comparison of cross-correlation curves for large and small overlaps.

This variability is reflected directly in the stitching accuracy. The predicted shifts deviate increasingly

from the expected values as the overlap decreases as shown in Figure 40. Correct predictions (orange)

are associated with smaller shifts (larger overlap) while errors (green to purple) occur increasingly as

the shift increases.

Figure 40: Expected vs predicted shift with error markings.

Overall, the trend of error increasing with shift size is expected, but the outliers around the 100 pixel

shift mark (seen in opaque pink at the top) show that there is a problem with the synthetic data.

No physical explanation was found. Therefore, these data points were removed from the analysis.

As discussed in subsection 9.4, the synthetic data exhibits similar cross-correlation behaviour and

intensity distributions to the experimental measurements. However, it is important to note that the

two datasets are not identical. In particular, experimental data is subject to additional sources of

uncertainty, including warping towards the edges of the images and positioning uncertainty from the

gantry. Consequently, even if the stitching algorithm demonstrates perfect stitching accuracy for

synthetic data with overlaps down to 85%, this level of performance can’t be directly assumed for

experimental data. However, as a guideline for experimental data collection, targeted overlaps should

not be smaller than 70% as it was found in the synthetic data that this is a threshold below which error

starts to increase. However, this recommendation should be treated with caution, as further validation
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using a larger set of experimental data would be required to confirm its general applicability.

As a result, it was insufficient to treat the output of the stitching algorithm as a deterministic result.

Instead, it was necessary to quantify the certainty associated with each predicted shift. To quantify

this, a set of certainty metrics was developed to characterise each correlation curve. These metrics

describe key properties of the dominant peak in the cross-correlation curve and were designed to

capture how reliably a shift can be identified.

The peak-to-side-lobe ratio (PSR) measures how strongly the dominant peak stands out relative to the

surrounding baseline. A high PSR indicates that the peak is well separated from noise and competing

structures, suggesting a reliable match. Conversely, a low PSR indicates that the peak is not clearly

distinguishable, increasing the likelihood of incorrect shift selection. The peak width, measured at

both 50% and 95% of the peak height relative to the baseline, quantifies the sharpness of the correlation

maximum. Narrow peaks correspond to well-constrained and precise shift estimates, whereas broader

peaks indicate ambiguity, where a range of shifts produce similar correlation values. Furthermore, the

separation between the highest and second-highest peaks (peak ratio) captured the level of ambiguity

in the solution. If multiple peaks have similar amplitudes, the algorithm may select an incorrect shift.

A large separation between the dominant and secondary peaks therefore indicates a more reliable

result.

Individual metrics only capture part of the underlying behaviour. While the PSR exhibited a general

trend in which higher values corresponded to improved accuracy, other metrics such as peak width

and peak ratio showed variability when considered independently. Combining these features allows

more information to be incorporated into the prediction, resulting in a two-dimensional probability

model that provides a more consistent prediction.

A more robust characterisation was obtained by combining features. Two-dimensional certainty maps

revealed distinct regions in feature space where the probability of correct stitching was high, and

others where it was significantly lower. In particular, combinations of high PSR and moderate peak

width consistently corresponded to high-confidence stitching results as seen in Figure 41.

Figure 41: Shift certainty: PSR vs width at 95% of peak height

Using these empirical relationships, stitching could be treated as a probabilistic process. For a given
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set of features f extracted from a correlation curve, a confidence value was assigned:

certainty = P (correct | f) (16)

This represented the probability that the predicted shift lay within a specified tolerance (e.g. ±1

pixel) of the true value.

Although these certainty metrics were derived from synthetic data, their primary purpose was to

enable interpretation of experimental stitching results where ground truth is unavailable. For each

experimental stitch, the same features could be computed and mapped onto the empirical probability

distributions obtained from synthetic data. This allows a confidence value to be assigned to each

predicted shift, which allows high confidence stitches to be accepted and low confidence stitches to be

further constrained. It should be noted that data generation was time constrained so the certainty

metrics are not based off large quantities of data. In an ideal world, these certainty metrics would be

based on more data from more robust synthetic generation that accurately captures the physics and

nuance of the experimental system.

10.3 Angular Misalignment Tests

The gantry introduces positioning uncertainty in rotation as well as in translation. As the gantry

is expected to be used with radon reconstruction or rotational imaging with 2D arrays to improve

signal fidelity, it is likely that an angular misalignment could be introduced between scans. As the

stitching algorithm was designed purely for translation, a robustness test was carried out to ensure

that it would be able to handle angular misalignments. Tests were carried out with synthetic data to

see at what angular misalignment the stitching algorithm would start to find incorrect shifts. Angles

from 0.5◦ to 16◦ were tested on overlaps of 70% to 90%. The peak cross correlation scores and the

certainty of results against the injected misalignments are shown below in Figure 42

(a) Peak cross-correlation scores across all overlaps and
misalignments.

(b) Certainty ±1 pixel (PSR vs Width at 95% peak
height).

Figure 42: Peak cross correlation and certainty plots vs injected misalignment.

Misalignment had no effect on the stitch error which is why it hasn’t been shown here. This was not

expected as angles are known to introduce error in NCC methods [56]. With the absence of error,

other metrics were required to quantify the effect of misalignment on stitching. Peak cross-correlation

scores should drop as the misalignment reduces the likeness between corresponding tiles and certainty
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metrics such as PSR vs peak width at 95% peak height were expected to drop as well. However, from

Figure 42, it can be seen that neither of the expected outcomes occurred, with peak cross-correlation

scores and stitching certainty increasing marginally in two of the three tests in both plots. Overall,

the distributions are flat which is unexpected but less surprising than increasing certainty. Increasing

cross-correlation scores could have been caused by random correlation from adjacent hotspots but this

is unlikely as there tends to be low-intensity space between hotspots which would reduce the cross-

correlation score. Increasing or constant certainty in the results is surprising as well, as introducing

misalignment should reduce correctly overlapping areas, therefore reducing peak height compared to

noise levels and PSR in turn. The most likely reason for this strong performance is that there is a

limitation of the synthetic data and further work is required to produce more realistic data where

misalignment affects stitching results. However, as there is no experimental data to compare these

results with, no conclusion can be drawn from these results currently.

11 Final Experimental Procedure and Results (OD)

To evaluate the capabilities of the current prototype, an experimental procedure was conducted using

the end-to-end system. Two experiments were conducted to image a pure copper sample using a 2D

ultrasonic array with 128 elements at 7.5MHz. The experimental setup is shown in Figure 43.

Figure 43: Final experimental setup.

Due to the issues explained in section 6, the experiment could not benefit from the rotations discussed

in subsection 7.5 and so remained a purely translational test. Both experiments translated the ar-

ray both in the X and Y directions. The two experimental paths taken by the array are shown in

Figure 44a.

In experiment 1, the gantry was not calibrated prior to the scanning sequence. The gantry was then

calibrated between experiments following the procedure shown in subsection 5.3 and this took 23

minutes. The scanning sequences took 15 minutes for experiment 1, and 10 minutes for experiment

2. The scans were processed and imaged as outlined in section 7. Processing the raw data took 1

minute and 13 seconds, and imaging the 12 volumes took 3 minutes and 51 seconds. This gave a total

end-to-end process of 2 minutes and 55 seconds per volume in experiment 1, and 5 minutes and 54

seconds per volume in experiment 2. This remained within the time limits set out by the PDS.

As the array diameter was 12mm, shifts of 2mm and 3mm corresponded to overlaps of 83% and 75%
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(a) Experimental paths. (b) Calculated paths.

Figure 44: Comparison between experimental and calculated array shifts.

respectively. The imaged volumes were then stitched and the calculated shifts are shown in Figure 44b.

It can be seen that in both experiments, the translation along the y-axis does not align well with the

expected distances shown in Figure 44a. This could be from the issues discussed in section 6, as

well as the lack of rotations leading to low quality scans, which couldn’t be stitched. However, both

experiments showed satisfactory translational accuracy along the x-axis. The full stitched volume for

experiment 2 is shown in Figure 45a.

(a) Isosurface with -8dB threshold.
(b) Horizontal cross-section at 20mm
depth with -20dB threshold.

Figure 45: Experiment 2 stitched volume.

As shown in Figure 45b, the cross-section shows that the volumetric imaging was successful for exper-

iment 2 as the backscattering signals were successfully stitched, especially at the centre of the image.

The seams present could be removed via weighted average blending as discussed in section 8, but some

areas have large differences across the seams. This suggests that the experimental procedure could

still be greatly improved, such as ensuring that rotation is used to gather more information at each

scan location.

12 Conclusion (All)

In conclusion, the project delivered a functioning integrated platform that combined mechanical posi-

tioning, automated scan control, preprocessing, imaging, stitching, and validation into a single work-
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flow. The automated gantry, provided by Build Team, addressed most of its Product Design Specifi-

cations. The platform was designed around a 580mm x 750mm footprint using aluminium extrusion

and the array holding mechanism was able to support both 1D and 2D arrays. During operation, the

gantry maintained its structural stability without excessive vibration which would otherwise hinder

its ability to collect FMC data. The X-axis slider, which is the main components when translating the

gantry beam in X axes underwent iteration processes before it were successfully incorporated into the

full assembly. The design could be improved by introducing guide rails, similar to the Y-axis slider to

eliminate the wobbling during translation, and by making a longer slider to improve the stability. The

Y-axis slider and the Z-axis array holding mechanism were successfully combined into a single moving

subsystem. However, the added weight of this combined assembly caused a forward tilt during testing,

which affected the array contact with the sample. Therefore, increasing the slider contact length and

adding further guide support would solve this stability issue.

The automation strategy demonstrated that the mechanical motion and data acquisition could oper-

ate with limited manual intervention compared to traditional data collection. However, despite the

calibration process producing acceptable translational accuracy of ±1mm for the X-axis and ±5mm

for the Y-axis, the mechanical rigidity of the gantry remained insufficient for the rotational axis. The

rotational axis was successfully integrated, but it could not achieve the required angular precision.

This prevented any rotational scans from being performed autonomously. Future improvement should

therefore focus on manufacturing the rotational block with tighter tolerances to increase stability.

The rotational shaft should be supported with a bushing or bearing to improve rotational accuracy.

Thus, addressing these structural limitations is a necessary step before the full automated scanning

capabilities can be fully realised.

The signal processing, provided by Code Team, also succeeded in fulfilling many of its Product Design

Specifications. The pipeline successfully accepts configurable parameters such as speed of sound, and

the imaging workflow was shown to produce TFM reconstructions of both defects and microstructural

backscatter. The speed of sound was found within 2.6% of accepted values, and the compression

greatly reduced memory bandwidth while only deviating 2.57e-04% in image accuracy.

A physics-based synthetic data pipeline was also developed to provide ground-truth data for stitching

validation. The pipeline used a Born forward model with a Voronoi grain structure, replacing an initial

Gaussian-smoothed model. Validation against experimental copper scans showed agreement on pixel

intensity distributions to a Kolmogorov-Smirnov statistic of 0.018, 1/e autocorrelation lengths within

0.2 mm on every axis, and NCC curves matched in peak position, width, and off-peak structure. The

synthetic data was crucial for the statistical analysis of stitching, identifying a 70% lower bound on

overlap for reliable stitching and underpinning the certainty metrics that allow experimental stitches

to be assigned a confidence value. The GPU-accelerated TFM framework was used for the simulation

pipeline, achieving a 120-times speed-up over multi-threaded C++ on the CPU.

Future improvements could extend the forward model to include mode conversion, Kirchhoff scattering

from defect surfaces, and wall reflections, which would allow the pipeline to validate defect detection

in addition to microstructural stitching. A more realistic misalignment response is also needed, since

the current synthetic data does not reproduce the expected sensitivity of NCC scores to angular

misalignment, limiting the conclusions that could be drawn from the robustness tests. Implementing

end-to-end hardware acceleration from synthetic data generation to stitching could also accelerate the

optimisation process, and provide larger volumes of data.
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Overall, the system was successful in delivering the core architecture of an automated ultrasonic mi-

crostructural imaging system. It integrated an automated scanning gantry with a configurable imaging

pipeline, and demonstrated that microstructural backscatter could be reconstructed and stitched. The

main improvements required are mechanical refinement of the gantry, more complete experimental re-

peatability studies, and further acceleration of the data pipelines. The platform has a clear potential

to become a reliable tool for large-area ultrasonic inspection and future 3D microstructural character-

isation.
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A Appendix A

Supplementary figures and tables.

Figure 46: Time domain (left) and frequency domain (right) for filtering applied to defect detection
in pure aluminium at 5MHz.

Figure 47: Comparison of TFM images for an aluminium sample using a 128 element, 10MHz array:
(a) TFM image obtained from the unfiltered data, (b) Hilbert transform applied to the image, and
(c) normalised image in decibel scale.

Figure 48: Copper scanning sweep using 3D printed jig for a 2D ultrasonic array.
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(a) (b) (c)

Figure 49: CAD models of the smaller parts. (a) Motor housing for X-axis, (b) motor housing for
Z-axis, and (c) bearing slot for X-axis.

B Appendix B

Product design specification.

Table 12: Supplementary product design specifications.

Group Category Requirement Priority Assessment

All Performance System must detect and resolve fea-

tures at the expected scale (defect or

microstructure backscattering).

MUST Use samples with known feature

sizes.

All Performance System SNR must be sufficient to ob-

serve microstructural backscatter.

MUST Visually inspect scans performed on

pure samples to confirm that mate-

rial backscatter is present.

All Performance Repeat scans of the same region must

produce consistent spatial alignment.

MUST Perform repeated scans and measure

variation in reconstructed feature po-

sitions.

All Performance Total scan + processing time must be

within 30 minutes.

WANT Measure time from scan start to final

stitched output.

All Performance System should support repeated

scanning without data loss or errors.

WANT Run extended scans and verify no

failed data.

All Validation System performance must be robust

to small variations in coupling condi-

tions.

MUST Vary coupling layer thickness and

“lift-off” to evaluate changes in im-

age quality.

All Validation System output must correlate with

experimental or simulated results.

MUST Compare reconstructed images with

synthetic data or known samples.

All System All acquired data must be stored

without corruption or loss.

MUST Validate dataset completeness after

acquisition and check for missing en-

tries.

All System Data must be traceable to acquisition

parameters and scan location.

MUST Verify metadata logging.

All System System must fail safely without cor-

rupting data or hardware.

MUST Interrupt scans mid-operation and

verify safe shutdown and data in-

tegrity.

All Constraints System performance must not be sig-

nificantly affected by environmental

noise or vibration.

WANT Operate system under varying en-

vironmental conditions and measure

effect on signal quality.

All Constraints System must operate within lab-

oratory constraints (space, power,

safety).

MUST Verify compliance with laboratory

requirements.

Code

Team

Performance Imaging of 400x400 TFM image must

be under 30 seconds for all personal

computers in sub-group.

MUST Timing functions used to measure ex-

ecution time on all member’s com-

puters.
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Group Category Requirement Priority Assessment

Code

Team

Performance Filtering must preserve phase infor-

mation required for TFM reconstruc-

tion

MUST Compare TFM images with/without

filtering and verify no spatial shift in

defect positions.

Code

Team

Performance Radon transform algorithm to com-

bine rotated 2D images into full 3D

volumes.

MUST Using radon transform on synthetic

data to test accuracy prior to use on

experimental data.

Code

Team

Performance Speed of sound calculations for pixel

size calculations in TFM

MUST Use of low frequency pulses (5MHz)

on pure samples to calculate the time

of flight between back wall reflec-

tions.

Code

Team

Performance Dynamic range of processed signals

must be sufficient to capture weak

backscatter from microstructure.

MUST Confirm visibility of low-amplitude

scattering in pure samples.

Code

Team

Performance TFM must avoid numerical artefacts

such as aliasing.

MUST Ensure pixel sizes are at most half of

the wavelength of the ultrasound.

Code

Team

Performance Stitching must be robust to intensity

variations between scans.

MUST Apply artificial gain variations to im-

ages and verify that correct align-

ment still occurs.

Code

Team

Validation Development of a synthetic data gen-

erator which can replicate 2D TFM

images.

MUST Synthetic images compared to exper-

imentally collected data.

Code

Team

Validation Synthetic data pipeline must produce

statistically consistent outputs.

MUST Run multiple realisations and com-

pare distributions.

Code

Team

Validation Simulated backscatter must match

experimental amplitude distributions

MUST Compare amplitude distributions be-

tween synthetic and experimental

data.

Code

Team

System Full pipeline must run without man-

ual intervention.

MUST End-to-end test on full dataset.

Code

Team

System Intermediate outputs must be acces-

sible for debugging.

WANT Verify ability to export intermediate

data.

Code

Team

System Code must handle invalid or cor-

rupted input data efficiently.

WANT Inject incomplete or noisy data and

verify error handling.

Build

Team

Performance The scaninng platform operates au-

tomatically during scanning process.

MUST Operational test to verify that the

scanning platform completes a full

1D or 2D scan cycle without human

intervention.

Build

Team

Performance The scanning platform shall per-

form the operation without mechan-

ical failure.

MUST Repeated operational testing with

observation of platform behavior to

confirm reliable continous operation.

Build

Team

Performance The translational positioning accu-

racy should be within ±1 mm

MUST Percentage error of calibration tests

must be within a millimetre of pro-

grammed distances

Build

Team

Performance The scans overlap with each other MUST Analysis from the collected data

based on step size.

Build

Team

Performance The array holding mechanism can in-

corporate a rotational mechanism.

MUST Operational test to verify that the ar-

ray holder can rotate.

Build

Team

Performance The platform rig can be utilised for

other projects.

WANT Design review to assess the ease of re-

configuration for other applications.

Build

Team

Structural The platform rig can be utilised with-

out high knowledge required

WANT Practical testing where a user follows

basic instructions to operate the plat-

form.
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Group Category Requirement Priority Assessment

Build

Team

Geometry The dimension of the platform rig is

580mm×750mm×400mm.

MUST Measurement of the overall diensions

of the scanning platform after assem-

bly to verify that the dimensions re-

main within specified geometry.

Build

Team

Manufacturing Maximum of 3 items to be made by

the technical services.

MUST Veriifications through manufacturing

records.

Build

Team

Safety The platform rig shall not present

sharp edges or exposed fasterners

that could cause injuries.

MUST Review design process and visual in-

spection of the accessible surfaces of

the final model.

Build

Team

Cost The cost of the items to be bought

must be ≤ £900.

MUST Calculations of total components

costs against the budget given.

Build

Team

Aesthetic The scanning platform has a clean

and professional appearance

WANT Visual inspection of the final assem-

bled platform.

A complete copy of the full PDS is available on request.
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