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Abstract

Physical removal of material via grit paper is the most common method of preparing surfaces for soldering.
Most researchers have shown that increased roughness improves solder spreading; however, what isn’t
fully known is which exact feature or features create the positive outcome. This research was primarily
focused on enhancing SAC305 solder interconnects to silver(Ag) via surface modi cation.

Ag substrates were roughened using grit paper (P120-P1000). Except for P1000, all surfaces
had a nal area of 2:23 + = 0:25mm?, indicating minimal correlation between surface roughness and
solder spreading.

A femtosecond laser was used to create parallel and hatched Ag substrates with various hatch
distances and angles. The nal spreading area for all the solder samples for all parallel substrates was
2:5+=1mm?, showing no correlation between the nal spreading area and hatch spacing. In contrast,
altering the hatch angle resulted in minimal improvement of the mean nal spreading area,of 3+= 1mm?2.
The exception was the 90 sample with a nal spreading area equivalent to the parallel surfaces. The
optimal hatch angle was 115 with a nal solder spreading area of 3:2mm?. Laser-textured substrates
were shown to have some control over the molten solder ow direction and morphology. This may allow
improved joints and greater control of joint placement.

Otsu and Multi-Otsu methods were applied to SEM images to analyse solder-Ag interfaces.
These methods identi ed interfaces but struggled to di erentiate Ag and Cu due to minimal atomic
number di erences. BSE imaging provided a topological map, isolating the harder intermetallic com-
pounds of Ag3Sn and Cu6Sn5 within the solder matrix. However, there was some uncertainty, leading
to manual image adjustments that made analysis subjective and time-consuming.

A Mask R-CNN model, developed using Detectron2 on hot-stage microscopy images of SAC305
solder on Ag substrates. The model achieved 99% accuracy and an average precision of 76.25%.
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Chapter 1

Introduction

Soldering is a process in which a low-temperature ller metal is melted and allowed to ow between
metallic components to create a joint. Once the molten solder solidi es, it provides essential routes for
electrical, mechanical, and thermal ow between components in critical electronic (and other) assemblies.
The number of chemical and metallurgical changes and interactions throughout the soldering process is
complex, and applications impose more demanding requirements. Many methods can be used to optimise
metallic joining, such as choosing a di erent solder system, performing the joining process in an oxygen-
free atmosphere, or modifying the substrate surface. The aim of all of these is to allow the molten solder
to wet and ow better on the metallic substrate. This research will challenge and investigate if the
common processing advice of rougher surfaces forming better joins is relevant to the case of using the

most widely employed lead-free solder, SAC305, on Ag substrates.

Soldering is used in plumbing, electronic assemblies, automotive heated windscreens and jew-
ellery making. For heated windscreens, the solder transfers electrical current into the black Ag-ceramic
line patterns, which are printed across the glass. Traditionally, the Ag lines would be joined to the main
automotive battery component using lead-based solder. Lead-based solder provides e ective solder formu-
lations with low melting point, good wetting and ow behaviour, and most importantly, nearly universal
compatibility with most metallic substrates. However, in 2011, European Union legislation restricted
the use of Pb in electrical and electronic equipment through the implementation of the Restriction of
Hazardous Substances (RoHS) directive [1]. This meant that from 2011 all new automotive components,

including those used to join heated windscreens, had to be replaced with solder containing a maximum
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of 0:1%P b, which created a large demand for lead-free solder compositions.

Tin-Silver-Copper alloys are one of the most widely used lead-based solder alternatives. Derived
from the ternary eutectic composition, Sn  3:5Ag 0:5Cu wt% (SAC305) has good wettability and a
relatively low melting point while maintaining good physical properties for a lead-free solder. However,
SAC305 has poorer wetting properties and a higher melting temperature than the previously popular
Sn 37Pb (lead-tin) alloy. To combat the di erence in the wettability of the solder the process parameters

must change without limiting the mechanical properties.

The use of alloys near the eutectic composition means the viscosity of the molten solder is
reduced, allowing it to ow better. However, this introduces another challenge in the form of uncontrolled
intermetallic compound (IMC) growth. A thin, continuous layer of IMC is needed for joining to occur.
The shape, composition, and thickness of the IMC layer or precipitate determines its impact on the
joint’s mechanical properties. SAC305 inherently produces a thicker, copper-rich IMC layer adjacent to
the substrate than Sn  37Pb, due to higher copper dissolution in tin caused by the higher processing
temperature. Further temperature increases would lead to excessive growth and faceting in the IMC

adjacent to the copper substrate and the precipitates within the remaining bulk solder.

Another way to improve wetting is by changing the ux used to better remove surface oxides,
grease, or any other surface contaminants due to previous manufacturing steps or exposure to air. A highly
corrosive ux can dissolve the most tenacious surface oxides more aggressively; however, any residue will
remain chemically active once the soldering process is completed and could potentially corrode the base
metal if trapped or incompletely removed [2]. With large-scale electronic manufacturing, changing the

ux used can be an expensive and time-consuming endeavour as it could mean an entire change to the
pre- and post-processing. Because ux residue can lead to eld failures and coat the machines themselves,
extra caution must be taken not only in the design of the joint but also in the thorough cleaning of all

the parts that are used to create the joins.

One of the most popular base metals for electronic joining is copper, along with its alloys. This
is, of course, because Cu is highly conductive and easy to process. Still, it is also easier to join than
metals such as stainless steel and aluminium, as it is compatible with most solders and uxes, and is
relatively inexpensive. Cu is the most researched base metal and is therefore the standard metal against

which solder joining capabilities are benchmarked.



The ease of solder spreading on a substrate can be facilitated by correct surface preparation.
The standard procedure for preparing Cu substrates involves mechanical abrasion, such as grit blasting,
sanding, or ling, rather than using a corrosive agent to avoid surface contaminants [3]. However, the
inherent inhomogeneities of the surface, and the depth and direction of the grooves, can lead to pockets
where the solder cannot penetrate, resulting in an incomplete lling of the surface [4]. Recent studies
have focused on methods for making more controlled surfaces by using laser texturing; however, as shown
by Haiyan-Chen et al [5], increasing the distance between the laser-etched grooves did not always improve

the spreadability of the lead-free solder used on the pure Cu substrate.

Ag is used extensively in the electronics industry due to the lack of oxidation in air compared to
Cu and its high electrical conductivity. It is the material of choice for high-speed signalling applications
and, as previously stated, automotive heated windscreens. The bulk of solder joining research has been
done on Cu-based alloys or Ni, however, there are still large bene ts to Ag as a substrate material.
Therefore, the focus of this PhD project is on soldering to Ag, and exploring how this process operates,

and can be in uenced by surface texture.
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Chapter 2

Literature review

2.1 Basic principles of Soldering

The two primary joining processes that utilise the melting of metallic ller metals to create joints are
soldering and brazing. For a process to be designated as soldering, the metallic ller metal must be molten
at temperatures below 450 C, while brazing occurs at temperatures above 450 C. Soldering, therefore,

nds applications where there is a need to join materials that would otherwise melt at high process
temperatures associated with brazing. While soldered joints typically have lower strength than those
formed by brazing, they still require mechanical robustness. Solder joints are most commonly associated
with functional connections rather than mechanical ones, such as conductive joints in electrical and
electronic systems. For soldering, three components interact at an elevated temperature: the substrate,
the ux (a chemical that removes contaminants and oxides from the substrate) and the solder itself. Most

solders are relatively low-melting-point alloys, generally of a near-eutectic composition.

Solder joining is accomplished by :

e The ux melts and coats the substrate, dissolving any contaminants or oxides on the surface.
e The solder alloy melts in the areas a ected/cleaned by the ux.

e The solder spreads, creating contact with the metallic substrate or components, displacing any

remaining ux from the joint as it does so.
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< Once cooling starts, the solder can no longer spread and solidi es in place, forming a physical bond

between the solder and all metallic components.

The process of wetting is then highly signi cant for successful soldering. A solder or ux is said
to have wetted when it has formed a permanent, continuous Im on the component’s surface. Non-wetting
occurs when the solder minimises the contact between itself and the substrate. In the worst case, this
will lead the solder to form a ball without localised interaction (which could be alloying or intermetallic
formation) between the solder and the component. For most metallic systems, wetting goes hand in hand
with the formation of intermetallic compounds at the joining area, as shown in Figure 1 for printed circuit
boards (PCBs). Although systems that more readily form IMCs wet better and are more compatible,
due to the brittle nature of IMCs, excessive formation can have deleterious e ects on the joint’s strength.
It can be summarised that if there is no IMC formation, then no join will form, and if there is excessive

formation and growth of IMCs, then the formed join will be weak and most likely have limited use.

Si wafer Package side

Cu pad
Board side

Si wafer

Board side

Board side 50um

Figure 1: SEM cross-section images of as-assembled wafer-level chip-scale packages for PCB: (a) Sn  Pb
solder joint, (b) top interface, (c) bottom interface, (d) SAC305 solder joint, (e) top interface, and (f)
bottom interface [6].

The relationship between the melting points of each soldering component is summarised in
Equation 2.1, showing that the soldering melting point has to be much lower than the substrate melting

point, and the ux melting point has to be much lower than the solder melting point. For soldering,



2.1. BASIC PRINCIPLES OF SOLDERING 7

a ux is a solid or paste component that, when heated, forms a liquid that dissolves any surface Ims,
oxides, or impurities that form during the solder melting process. This leaves the base metal in contact
with the molten solder, making it easier for the solder to wet the metallic component. The uxing agent
must be e ective (i.e., reactive with the oxide or contaminants, which requires a liquid state) before the

solder melts. Thus, the ux must melt and ow well at a lower temperature than the solder.

SubStrateMeltingP oint > SOIderMeltingPoint >F IuXMeItingPoint (2-1)

2.1.1 Solder Materials

The wide range of solder/substrate combinations with di erent engineering requirements and properties
(i.e., thermal expansion coe cient, melting temperature, electrical conductivity, material compatibility)
has resulted in an abundance of commercially available solder alloys [7]. Solder alloy systems are com-
monly composed of two or three elements that have a low melting point and can form reaction phases
with the base metal. Some examples of these are shown in Table 2.1. Historically, the most widely used
solders were based on the Pb  Sn system. Of the Pb Sn alloys, 63Sn 37Pb is nearly universally able to
wet most surfaces, making it compatible with a wide range of components. When an even lower melting
point solders are needed, some choose In as the primary alloying element. The In alloy, 97In  3Ag, is

mainly used for soldering some ceramics and silver components.

Table 2.1: Standard solder compositions [8].

Liquidus Solidus

Composition Temperature/ C  Temperature/ C Notes

63Sn-37Pb 183 183 The most popular lead-based solder

97In-3Ag 143 143 Used.for soldering red-glass, ceramics
and silver.

70Sn-18Pb-12In 167 154 General purpose solder

96Sn-3Ag-0.5Cu 220 217 Most popular lead-free solder

97Pb-1.5Ag-1.0Sn 309 309 Used in the semiconductor industry for

high-temperature soldering

Much of the literature on the metallurgy of the solder/substrate interface formed during the
soldering reaction acknowledges the importance of the composition, morphology, and thickness of the
intermetallic compound (IMC) on the mechanical strength of the joint [9], [10]. In large-scale soldering

processes, such as the manufacture of PCBs, soldering often involves melting and cooling cycles that can
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be performed in multiple stages. The rst melting of the solder on the substrate is de ned as re ow,
which can be followed by isothermal ageing. Qui et al. compared the interface created between SAC305
and Cu while varying the re ow and ageing times to quantify the e ect of increasing both of these on
the microstructure and shear strength of the joints, with either a xed re ow temperature of 250 °C or
ageing temperature of 150 °C[11]. They found that the shear strength of the joint produced at higher
re ow and ageing times was more susceptible to brittle failure. They hypothesised this was due to the

voids and microcracks in the CuzSn=Cu layer, examples of which are observed in Figure 2.

Figure 2: SEM images of SAC305=Cu solder joints re owed for at 250°C for 60 min followed by isothermal
ageing at 150°C for: (a) 1 day, (b) 5 days, (c) 10 days, (d) 15 days.[11].

In a similar vein, Hailong et al. demonstrated that by increasing the proportion of Ag from
Sn 0:4Ag 0:7CutoSn 1:.0Ag 0:7Cu, a decrease in the thickness of CugSns was observed at the
Sn Ag Cu=Cu interfacial layer [12]. However, there was a proportional increase in AgszSn precipitates
in the bulk solder. Together, these studies indicate that the thickness of IMC, both in the bulk solder and
the solder/substrate interfacial layer, is sensitive to the composition of the solder as well as the duration
and temperature of the soldering process. Overall, these investigations highlight the importance of IMCs

in solder joint formation.
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2.1.2 Solder wetting

The wettability of a system refers to how readily a speci c liquid spreads on a particular substrate. The
liquid is said to have wet when it has a contact angle of less than 90° on the surface; a contact angle
greater than 90° is classi ed as non-wetting. Due to the balance of forces, a low wetting angle allows
the liquid to spread, while a high non-wetting angle resists this. Using the balance of forces, wetting, as

de ned by Young, is given in Equation 2.2 [13]:

v (Cos )= sv  sL (2.2)

where interfacial tension between the liquid/vapour is v ,solid/vapour is sy and solid/liquid
denoted as s, . Note that the angle of contact depends on surface energies relative to the vapour phase.
The triple line is the contact point where the solid/liquid/vapour phase meets and where spreading occurs,

illustrated in Figure 3.

Ow
< >
Ost Osy

N
Increased wetting of liquid on substrate 4

Figure 3: Schematic of contact angle and interfacial tension change occurring during wetting based on
Young’s equation.

While it is widely used in interpreting wetting, Young’s equation (Equation 2.2) describes an
ideal situation, that of the contact of a non-reactive liquid on a perfectly smooth, non-deformable, chem-
ically homogeneous surface, which is not always a good approximation of real situations. Importantly,
Young’s equation is also static, and it does not describe how a wetting state develops dynamically when
a liquid is owing across a surface under the action of these surface energies, and when there may be
processes occurring at or across the interfaces which modify them. In non-ideal wetting situations, such
as the formation of a soldered joint, there is likely to be a ow of the liquid phase, and the interface is

also expected to undergo dynamic changes.

Aksay et al. expanded on the idealised work by Young by examining the role of thermodynamics

in non-equilibrium conditions [14]. Their work suggested that free energy changes were not only driven
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by chemical changes at the Solid/Liquid/Vapour interfaces but also by the transfer of mass at and across
those interfaces. They stated that mass transfer reduces interfacial free energy and tension until a point
is reached where chemical and thermodynamic equilibrium is achieved. At this point, the interfacial

reaction is complete, constraining the Solid/Liquid/Vapour interface to the reacted solid region.

Protsenko et al carried out several investigations into the role of solder/substrate interface on
solder spreading [15]. Reactive systems were de ned as those with localised alloying or reaction at the
solder/substrate interface, whereas unreactive systems were de ned as those with minimal to no interfacial
reaction. According to the study, there was a lower contact angle and more spreading (both characteristics
of better wetting) in systems where the substrate was dissolving, accompanied by nucleation and growth

of intermetallic compounds (IMCs).

Kim et al theorised that the compatibility of the molten solder on a metallic substrate can be
assessed by the time taken for the solder to stop ""bouncing™ on the surface (i.e. the presence of observable
waves in a droplet causing it to repeatedly contact de-connect from the surface)if the solder is dropped

from a height onto the surface, as shown in Figure 4[16].

a) 0 ms b) 3 ms c) 5ms
d) 8 ms

) 10 ms ) 12 ms
) 14 ms ) 16 ms ) 19 ms

Figure 4: Sequence of images showing molten SAC 305 dropped on Ni=Au-coated Cu substrate [16]

Images were taken at 3000 frames per second of molten SAC305 solder dropped onto pure copper,
and Ni=Au plated Cu. They observed that in this dynamic system, N i=Au plated Cu substrate impeded
solder rebound after 20 ms, whereas the Cu substrate took 120 ms. They hypothesised that the critical

di erence between the two systems was the rapid dissolution of Ni=Au plated Cu to form intermetallic



2.1. BASIC PRINCIPLES OF SOLDERING 11

compounds with the solder. The fast rate of dissolution of the substrate at the interface meant a critical
amount of IMC was formed, restricting the motion of the droplet in the case of the SAC=Ni=Au plated
Cu interface. In contrast, the SAC droplet rebounded multiple times on the Cu substrate because of the

formation of an oxide Im.

Oxide Ims are notoriously di cult surfaces to wet, due to their thermodynamic stability, which
ultimately increases the Liquid/Solder interfacial energy and restricts the ability of the solder to spread.
Studies on the spreading angle and interfacial reactions occurring in reactive systems con rm this corre-

lation in various oxidation retarding atmospheres[15], [17].

2.1.3 Soldering on silver

Experimental observations of solder wetting can also be made directly, such as by observing how readily
the solder spreads during melting and cooling or by measuring the force required to remove a test coupon
from molten solder. As previously stated, Ag and Ag alloys have been the substrate or coating of choice
for applications where their high electrical conductivity can be leveraged, such as in high-speed signalling

[18].

Detailed reports in the literature concerning studies of lead-free solder/Ag are substantially rarer
than the reports about lead-free solder/Cu [19]{[22]. When creating solder joints with silver components,
the product of the Sniquid y=Ad(solia ) reaction, AgsSn becomes a key metallurgical process. Chen et
al. compared the di erence in the IMC formed by SAC305 on Cu and Ag substrates [23]. The AgszSn
was more prismatic and had a slightly higher growth rate than the faceted CugSns formed on the Cu

substrate.

To separate the formation of AgzSn at the joining interface from the soldering process, Liashenko
et al. compared the wetting and spreading of Sn dropped on AgsSn and Ag substrates in a vacuum
[24]. They observed an increase in the spreading area of molten Sn on the Ag substrate compared to
the AgsSn substrate. The researchers suggested that non-reactive wetting occurred during the initial
contact period of Sn=Ag, producing a contact angle of 25 C. Then, after approximately 0.01 seconds,
the contact angle in the Sn=Ag joint reduced to 10{15 C, which was corroborated by SEM cross-section
analysis in Figure 5. From the experiment, it was concluded that the equilibrium wetting angle depends

on the reaction product at the interface between Sn and Ag.
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Figure 5: Cross section of Sn=Ag solder joint showing the formation of AgsSn. [24]

They also suggest that the spreading movement is driven by the di erence in the contact angle.
Before 10 ms, the formation of AgsSn at the interface has not caught up with the triple line, where the
solder is spreading. Therefore, at this point, molten Sn is in contact with solid silver, and there is a high
contact angle associated with Sn on Ag. Once the AgsSn reaction has caught up with the triple line, the
contact angle spontaneously reduces to the Sn/AgsSn equilibrium. During the intermediary stage, there
is competition between the AgsSn nucleation and the triple line moving due to capillary action, causing

the oscillation.

2.1.4 Measuring surface roughness

The role of the substrate in wetting systems is twofold. It provides a surface for the liquid to adhere to
and, in reactive wetting systems, elements to be dissolved in the molten solder, potentially a ecting its
properties. The most common parameter for de ning roughness is Ra. Ra is de ned as the average of
all the peaks and valleys along the test length [25]. Di erent types of manufacturing processes produce
surfaces with varying patterns, homogeneity, and depths of grooves, all of which, in turn, have a signi cant

e ect on the Ra of the surface produced as shown in Table 2.2.

Pro lometry is de ned as the set of techniques used for surface characterisation, typically car-
ried out by quantifying micron-scale deviations from the average surface plane [27]. The two types of

pro lometry in common usage are:

e Stylus pro lometry
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e Optical pro lometry

In stylus pro lometry, the movement of a stylus (a point placed in contact with the surface, and
moved laterally) in the z-direction is recorded when the probe is in contact with a surface [28]. Of all
the techniques, this is the simplest and most widely used; however, the physical contact of the probe can
be abrasive, sometimes leading to a misrepresentation of the original surface [29]. The size and shape of
the probe will also a ect the scale of the roughness being assessed and the resolution of the features that

can be measured.

Optical pro lometry encompasses methods that measure the di erence between the light emitted
by the instrument or a speci c illumination source and the re ected or scattered light from the specimen
surface. Compared to stylus pro lometry, such measurements are quicker and can be taken over a larger
area, though the equipment is more expensive and less mobile. Examples of optical pro lometry methods

include white light interferometry, light-sectioning, and laser confocal microscopy [30]{[32].

White light interferometry works by projecting white light onto the sample surface and then
comparing the re ected light gathered by a receiver to a reference wavelength. By calculating the di er-
ence between the wavelength of the re ected light and the received light, the 3D surface is reconstructed,
allowing for the calculation of line or area roughness on the resulting dataset. The challenge with white
light and most optical pro lometry techniques is the sensitivity and reproducibility of the method. For
example, it has been demonstrated that the direction of measurements and the placement of the sample
can signi cantly impact the results. In addition, highly re ective or translucent materials can cause the

signal to distort [33], [34].

Roughness values can be calculated on a line or using an area [35]. When using notation to

represent di erent values, line roughness parameters typically start with an "R" (Ra, Rsq, Rv...), while

Table 2.2: Example of the Ra produced by common manufacturing processes [26].

Manufacturing process Minimum Ra/ m Maximum Ra/ m
Sand casting 12.5 25

Hot rolling 12.5 25

Chemical milling 1.6 6.3

Electron Discharge machining 1.6 4.75

Grinding 0.1 1.6

Polishing 0.1 0.4
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area roughness begin with an "S™ (Sa, Ssq, Sv...). Each parameter takes the height data and calculates

di erent features, such as the maximum valley depth (Rv, Sv) and the regularity of the surface.

As previously mentioned, the most popular parameter for characterising surface variations is
Ra, which represents the average variation of peaks and valleys from the mean line. However, describing
a three-dimensional surface with just one parameter can lead to an oversimpli cation, as surfaces with
the same Ra can be very di erent. Ra only considers the di erence in mean height, which does not
provide information about periodicity [36]. Most researchers advise that two or more parameters are
needed to represent surface features most e ectively; however, most experimental and industrial methods

only specify height parameters, primarily Ra [37].

Surface parameters can be categorised into height, spacing variations, or hybrid types, with
some examples shown in Table 2.3. All the line roughness parameters have an equivalent areal rough-
ness parameter where the whole surface is captured instead of a segment in a given direction. Ra, the
arithmetic mean height, is the most common roughness calculation used in machining and most engi-
neering applications. The calculation quanti ed the average di erence in deviations of each point from
the arithmetic mean of all points. Rq represents the Root mean square of the height deviations along the
sampling length and is another commonly used surface roughness parameter. Rq is used in applications
where large deviations from the mean need to be highlighted, such as precision-engineered parts or opti-
cal components. Rp and Rv, respectively, denote the highest peak and the deepest valley in the pro le

lengths. The total distance between the highest peak and the deepest valley is given as Rz.

Pawlus et al. observed that to characterise a cylinder best after plateau honing, a minimum
of seven parameters were needed [37]. Maity et al. condensed an initial set of 37 parameters to six to

describe Si wafer surfaces after Al Im deposition [38].
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Table 2.3: Example of Surface roughness parameters [38]

Name 2D Calculation
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2.1.5 Surface roughness and wetting

For metallic substrates, the most popular liquid used to investigate wetting behaviour is water due to
its ease of use and relevance to many practical situations, for example, to improve corrosion resistance
[39], [40]. Sun et al. used chemical processing to modify water adhesion on Al, Mg, and Zn substrates.
They successfully created micro- and nano-structured surfaces via the chemical immersion of the metallic
substrate, which signi cantly reduced the surface energy of the system to produce superhydrophilic
surfaces[41]. The interaction between surface roughness can result in two states of wetting, known as

Wenzel or Cassie-Baxter, as illustrated in Figure 6.

Wenzel Cassie-Baxter

Figure 6: Illustration of water droplet behaviour in Wenzel and Cassie-Baxter states [4], [42].

The Wenzel state describes a condition in which the liquid fully penetrates the topographical
structures. In contrast, the Cassie-Baxter state occurs when the liquid does not fully penetrate, leaving

air pockets at the solid/liquid interface [4], [42].

Whether a system adopts the Wenzel or Cassie-Baxter state depends on various factors, in-
cluding the size and shape of the surface features, as well as the surface free energy of the substrate.
Water/metallic-substrates/air systems mostly follow the Wenzel model. In the Wenzel state, surfaces
that wet well are further enhanced by surface roughness, while those that do not wet well experience
worsened wettability. This can be understood as roughness increasing the solid-liquid interfacial area: if
the interaction is favourable, it enhances wettability; if not, the e ect is reversed. However, the Wenzel

equation considers only the surface tension and the shape of the roughness feature.
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The composition of the surface has been shown to signi cantly a ect the ability of water to
wet metallic substrates. Wang et al. conducted a series of trials in which the surface preparation of
commercially pure Ni, Fe, and Cr substrates was altered [43]. They found that wet polishing, oxidation
in air, and water immersion signi cantly a ected both the wettability of water on the metal and the
surface composition of the substrate. They attributed the change in wettability to variations in the
surface composition of the metal. However, they could not determine whether the limiting factor was
the thickness of organic contaminants, metallic oxides, hydroxides, or a combination of these. This is
consistent with data obtained by Mantel et al., who observed that changing the cleaning method from
argon plasma to water cleaning resulted in a 2.25 nm increase in the thickness of the organic contamination

layer [44].

For soldering, increasing the roughness of the metallic substrate has been shown to have positive
e ects on the wetting of the solder [45]. However, due to the dynamic nature of the system in terms
of capillary ow of the molten solder, formation of the IMC, and dissolution of elements into the bulk

solder, identifying the key factors is challenging.

To observe the di erence in lead-free solder spreading, Satyanarayan et al. compared wetting on
Cu substrates prepared using a diamond lapping compound and P120 grit paper. The smooth surfaces
had an R, between 0.017 and 0.065 m, and the rough surfaces ranged from 0.92 to 1.087 m. The

researchers identi ed three stages of solder spreading (Figure 7):

1. Spontaneous capillary ow of the molten solder on the substrate,
2. Di usion across the solder/substrate interface forming an intermetallic compound,

3. Stabilisation of the dynamic contact angle.

They consistently found a decrease in wetting angle when comparing the smooth and rough sur-
faces; however, the pattern breaks down when examining the individual surfaces used in the investigation.
This could be due to the small sample size, which does not allow the whole relationship to be observed,;
randomness inherent in the contact area interaction with the local topology; or the surface parameter

used to characterise the substrates does not fully quantify the di erences that lead to improved wetting.

Satyanarayan et al. argue that, with changes in surface roughness, the initial capillary and

di usion zones were larger in the rougher Cu substrate. This was attributed to the nanoscale surface



18 CHAPTER 2. LITERATURE REVIEW

150

4 Sn-2.5Ag-0.7Cu

120

@
=
B N
S -
= E
QO 9 =
Z, Q
-«
3
< 60 2.
O AAA A A A A A A A
U - A A A A A A A A
30 L T S P >

Contact angle stabilization zone

0 250 500 750 1000 1250 1500 1750 2000 2250 2500
TIME (s)

Figure 7: Contact angle evolution of Sn 2:5Ag 0:7Cu on smooth Cu substrate [46].

asperities, which facilitated the ow of the solder by providing avenues for it to spread. They observed
that within the surface asperities of the rougher substrate, there was a reduction in the amount and size
of the Cu  Sn intermetallic compounds (IMC) protruding into the bulk solder. This is also supported
by work by Atigah et al., who found that rougher Cu substrates resulted in uniform and scallop-shaped
Cu Sn IMCs [47]. Similarly, in an investigation of the wetting of binary lead-based and lead-free solders

on Cu and brass discs, Prabhu et al. found a similar wetting response on Cu and Brass substrates [48].

In additional experiments on the same substrate/solder system, Satyanarayan et al. found
supporting evidence of the increased dissolution of Sn into the Cu substrate, producing an increase in
the thickness of both CuzSn and CugShs, and also changing the shape of the CugSns IMCs, to promote
solder spreading. The paper does not identify why in particular the formation and growth of those
two IMCs (which often form when Sn-based solders are used on Cu substrates and are generally taken
as part of the interaction between the two main constituents) are used as signi cant measures, when
other di erences, such as the precipitation of AgszSn at the interface/bulk and degree of continuity of
the CugSns layer, can be observed in their data. A more comprehensive consideration of these complex

microstructural changes could reveal additional information about the processes occurring.

The correlations observed by Satyanarayan et al. and Prabhu et al. must be interpreted with

caution in relation to standard manufacturing practices. Both of these studies were done under atmo-
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spheric conditions, which limited oxidation at the solder and substrate surface, and also (due to the
limited range of roughnesses explored) may not have approached the limit at which increased surface
roughness became detrimental to wetting. Further research might therefore consider the importance of

surface inhomogeneity at a nano- and atomic scale at the spreading interface.

Unlike Satyanarayan, Li et al conclude that the surface roughness has a signi cant e ect on the
spreading rate of Sn  Bi Ag solder on Cu but does not have a considerable e ect on the amount or
shape of IMC at the interface [49]. Work by Ismail et al performed a similar series of experiments using a
composite SAC305/Carbon-Nano-Tube solder and reported that increased capillary ow was the primary

mechanism for the enhancement of wetting with increased substrate roughness [50].

2.1.6 Solder spreading on textured surfaces

As stated above, the substrate texture can have a signi cant e ect on solder spreading. However, surfaces
created using grit paper can be highly irregular, and isolating a single feature of the surface that has
the most signi cant impact on solder spreading can be challenging. Two methods for creating controlled

surface textures that have been used in solder spreading investigations are:

= Photolithography.

e Laser texturing.

Photolithography is a method commonly used in semiconductor manufacturing that utilises
light to transfer patterns onto a substrate. To investigate the e ect of positive and negative texturing
elements (i.e. parts of the surface that are either raised above the general at level, or reduced below it)
on Sn 0:7Cu spreading, Wahab et al. created dimples (negative features) and towers (positive features)
using photolithography on Cu substrates [51]. They observed that the solder spread for a shorter time,
with a higher spreading area and a higher ow rate, on the surface composed of towers compared to the
dimpled surface. They attribute this di erence to the increased availability of Cu, and therefore a larger
amount of Cu available for di usion during the soldering process, although the exact mechanism is not

explained.

Laser texturing is a method of ablation which, as the name suggests, uses high-powered lasers

to remove material from a surface. Due to technological advancements, the speed of laser pulses can be
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reduced to 10 2! seconds (zeptoseconds)[52]. Chen et al. investigated the impact of hatch spacing on the
spread of solder on femtosecond laser-textured Cu substrates [5]. For the experiment, they used groove
widths of 10 m, 20 m, 30 m, and 40 m for each substrate (Figure 8) and measured the wetting angle
of SAC305 solder after 5 minutes at 320 C in a vacuum. They observed improved wettability (assessed
from the contact angle) of the solder on all substrates that were hatched, with the lowest wetting angle
at a hatch distance of 20 m as shown in Figure 9. They suggest that the di erence in the spreading of
the solder from the untextured to the textured Cu is due to a reduced energy of the system associated
with the texture. Why there is a di erence with hatch spacing, and why the minimum value is at 20

m is not explained by this energy reduction, which might be expected to be greater when hatches are

present in greater concentration.

Figure 8: Optical microscopy images of the surface of Femtosecond laser textured Cu with (a): 10 micron
and (b): 20 micron groove widths [5].

One study by Roduan et al. examined the e ect of dimple depth on solder spreading and
resulting joint metallurgy [53]. The dimples were created by repeated discrete femtosecond laser pulses
abrading 50 m diameter areas with 100 m spacing between each dimple. They conclude that increasing
the depth of the dimples resulted in a decrease in the wetting angle, and also observed an increase in
CugSns intermetallic compounds (IMCs) in the bulk solder with increased dimple depth. However, it
is notable that, even though the dimples produce very di erent surface textures, the wetting angles
observed all fall within a narrow range of 35{45 ., and when error in the results is taken into account,

the di erences in wetting angle between each case are not signi cant.

Another study of laser texturing on molten alloy wetting was carried out at higher joining
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Figure 9: Contact angle of SAC305 solder on laser textured Cu substrates [5].

temperatures, passing into the realm of brazing (a bonding process that operated in the same manner
as soldering, but at processing temperatures about 450 C). Contrary to the studies mentioned above,
this work by Baumann et al. found that the linear features created by laser texturing were detrimental
to wetting [54]. They observed a wetting angle increase from 13 for a substrate without texture to
96 for a nickel-based braze alloy on a textured stainless steel substrate. The depth of the texture was
increased by enhancing the overlap between the dual lasers used for the experiments. They also observed
a higher wetting angle in the brazing alloy in the direction perpendicular to the linear structures than
in the direction parallel to them. This could be evidence that surface textures can generate a directional
response, and thus be used to control the direction and rate of spread of a ller. In the work, Baumann et
al. attribute this di erence in contact angle to the boundaries created by the linear structures, which act
as barriers to spreading in the direction normal to them, while spreading is facilitated along the grooves.
They hypothesise that the di erence in the ability of the brazing alloy to spread explains why the wetting
angle is higher perpendicular rather than parallel to the main spreading direction. They also suggest that
laser texturing introduces defects in the surface chemistry by facilitating the formation of oxides, which

are challenging for the brazing ller to wet.
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2.2 Image analysis methodologies

2.2.1 Basics of quantitative image analysis

In the eld of alloy design and materials science, it is well known that the distribution, size and volume
of phases have a substantial e ect on the materials behaviour. Quantitative microscopy (or stereology)
is the eld of study related to gaining numerical information from microscopic images. Observation of
phases using SEM, EDS, or optical microscopy can be used for phase identi cation; however, the extra
step to gain quantitative information can be quite challenging, even with these well-established methods

of image acquisition.

The Hall-Petch equation is a classic example of how the results from microscopic analysis can be
related to materials properties [55], [56]. Although the equation was originally formulated for mild steel,
it works well with a large number of alloy systems, as it fundamentally describes the increase in yield
strength experienced due to the increased incidence of grain boundaries (e ective barriers to dislocation

motion) as the grain size of a material is reduced [57].

One of the more widely used processes to quantify the average grain size is the linear intercept
method. The average grain size of a micrograph can be determined by drawing multiple straight lines
and counting the number of times a grain boundary intercepts these lines. Traditionally, the method
is implemented manually, but this can now be done computationally with specialised software (e.g.
Fiji[58]). However, both processes can be time-consuming, especially if more than one sample is used
(which is usually necessary to obtain statistically signi cant data). The method is also sensitive to sample

preparation and to the composition of the sample itself.

A micrograph is fundamentally an image with light and dark areas corresponding to pixel
intensity. The challenge is then di erentiating the pixels to be analysed, in this case those corresponding
to a grain boundary, from the pixels that do not represent useful information (background, noise, other
phases), in order to locate and measure the features of interest. Image segmentation aims to separate each
pixel in a region based on characteristics that are then used to identify which object the pixel belongs
to. It can be as simple as detecting the background and foreground or as complex as detecting di erent
objects in a cityscape, as used in Waymao’s self-driving cars [59]. The task of the computer vision process

is to extract information, which is done using methods such as:
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1. Object Detection: A process used to nd the area where the feature is located by providing a

bounding box, e.g., identifying the location of a car in an image of a street.

2. Image Segmentation: Identifying both the bounding box and the pixel-wise region of the feature

being measured, e.g., locating spoons in an image of a kitchen and outlining each spoon.

3. Image Classi cation: Labelling the entire image by analysing its components, e.g., if a toilet,

shower, and bath are identi ed in an image, the image is labelled as a bathroom.

2.2.2 Fundamentals of machine learning for image analysis

The goal of image analysis is to identify and separate the pixels of the object of interest from everything
else. A simple scenario would be detecting square-shaped objects in an image. Figure 10 outlines how this
can be achieved using commonly used methods such as ImageJ, Python, and Arti cial Intelligence (Ma-
chine Learning, Neural Networks). Al, Machine Learning, and Deep Learning methods can be categorised

as:

e Arti cial Intelligence (Al): The eld encompassing anything that enables a computer to exhibit

intelligence. This intelligence can be used to perform human-like tasks, such as learning.

e Machine Learning (ML): A subset of Al in which the computer learns patterns from annotated
data, where important features are extracted by humans and then fed into a model to identify

patterns.

e Deep Learning (DL): A type of Machine Learning where the computer learns from annotated
data without explicit feature extraction, identifying important relationships and features on its own

through neural networks.

A simpli ed version of what happens during deep learning (DL) is shown in Figure 11. When
using DL for image classi cation, the number of input neurons is determined by the total number of
pixels in the image. In this example, the image is 2x2, giving four input neurons. Each neuron in the
hidden layers applies mathematical functions to learn patterns and relationships between the pixels and

the annotated data.

During training, the model updates its weights to minimise the di erence between its predictions

and the expected outputs. The output is determined based on the model’s nal learned parameters. At
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Figure 10: Comparison of process ow for image analysis problems using: basic scienti c software(Image
J), Python scripts, Machine learning and Deep learning.

the end of the training, the model is evaluated to check for over tting (whether it has memorised speci ¢
features of the training images rather than learning patterns that generalise to new data). In this example,
if the model were trained on only ve images, it might memorise features from those images instead of
learning to identify squares in any image. This is one of the limitations of machine learning (ML); the

model’s performance depends on the quantity and quality of the training data.

Two of the more popular types of image analysis models are based on Mask Region-based
Convolutional Neural Network (Mask R-CNN) and You only look once (YOLO) [60]{[62]. Both machine
learning frameworks perform the same tasks but in di erent ways, by varying how the layers are assembled
and arranged. Mask R-CNN rst uses a region proposal network to create a feature map, which is

a numerical representation of the image. The feature serves as a space where the model learns the
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Figure 11: Simple Neural Network. The neural network has three layers with one hidden layer in the
middle. There are four input neurons and two output neurons.

di erences between each class and attempts to separate them as much as possible. All the characteristics
that de ne a speci ¢ class are combined. These approaches use a prede ned model called a Region
Proposal Network (RPN) to estimate object bounding box coordinates; this is somewhat like focusing
the "attention" of the analysis on a particular region or feature. Both the feature map and the RPN
output are combined in ROI Align to manage candidate regions. In the example, the RPN identi es
multiple bounding boxes for the square, and ROI pooling determines which of the proposed bounding

boxes has the best t.

A classi cation is made for the best bounding box of whatever is in the best bounding boxes.
In parallel, more convolutional layers are applied to predict a binary segmentation mask for each region
of interest(ROI). Finally, the mask of the best class is chosen, which is where the name of the approach

comes from.

YOLO is di erent because it employs a distinct architecture, con guration, and layer order.
YOLO has a simpler architecture, focusing solely on bounding boxes, in contrast to Mask R-CNN, which,

in addition to what YOLO does, also identi es objects and provides a pixel-wise outline.
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2.2.3 SEM image segmentation strategies using the Otsu method

Histogram-based thresholding is normally the rst approach attempted for most image analysis problems,

with the Otsu method, shown in Equation 2.3, being one of the most popular [63].

2(t) = Tpg(t) byt + Vg & (D) (2.3)

where Thy(t) and g (t) give the ratio of background/all pixels and foreground pixels/all pixels

at each threshold value. t is the threshold value with 2 as the intra-class variance.

Figure 12 illustrates how the Otsu method creates a binary image by iteratively dividing the
pixels of an image into background and foreground until the smallest inter-class variance is found, and
with that, the largest intra-class variance. In this case, the goal is to create a binary image with the
smallest di erence within each group, background and foreground, while having as large a di erence as
possible between each group. The rst image, Figure 12a, is of the initial grayscale 8-byte image, with
each number corresponding to a pixel intensity value between 0 and 255 bytes. The second image, Figure
12b, is the result of a t equal to 19 creating a large in 2(t) of 1300. This means that there is higher
inter-house than intra-house variation. This is reduced in Figure 12c, where t is equal to 120 producing
an 2(t) of 30. The nal image is of the t value with the smallest variance, therefore, the Otsu threshold

number.

The Otsu method has been applied to various elds, including the identi cation of bruising in
mangoes, the monitoring of crack propagation in concrete, and the automation of breast cancer identi -
cation from mammograms [64]{[66]. It has also been successfully used in the segmentation and labelling
of metallic components in images, such as identifying parts as they are being built during laser-powder
bed fusion and for automated defect and phase identi cation from ultra-high carbon steel micrographs

[67], [68].

Some limitations of the method are that it assumes there are two distinct classes of pixels in
an image, appearing as peaks on an intensity distribution, which also means it is sensitive to anything
that is not truly part of these peaks, such as noise. Additionally, as pointed out by Hussain et al., the
accuracy of the results is highly dependent on the noise-to-signal ratio, the image resolution, and the

preprocessing steps carried out before analysis was performed [69]. If these are not well controlled in a
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(a) Grey scale pixels (b) t = 19, variance : 1300

(c) t = 120, variance : 30 (d) Otsu threshold, variance : 28.8

Figure 12: Schematic of how the Otsu threshold is calculated from a grey scale image(a). The results
of the calculation using a threshold value of (b) 18 and (c) 120 are shown as binary images. The lowest
variance is shown in (d).

process, then the output may be a ected.

Morphological operation on SEM images

Another way to segment an image is to look at the relationship between neighbouring pixels, marking
areas where signi cant changes in intensity occur, as these are likely to form an edge between di erent

phases. This can be done using a morphological operation with a de ned structuring element.

Morphological operations rely on the relationships between pixels in a de ned neighbourhood.
The neighbourhood is given by a structuring element (Figure 13b). From the structuring elements, the
pattern is dictated by the numerical values of the pixels around the centre. Each pixel in an image is
evaluated for retention based on the values (1 or 0) of its neighbouring pixels. In the example in Figure
13b, the neighbourhood is a 3 3 array, with the pixels on the left and right of the central pixel being

transformed, leaving all the top and bottom pixels as 0. The white top-hat transform consists of three
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morphological operations, as shown in Figure 13:

1. Erosion: The minimum value of its neighbourhood replaces the pixel. If either the left or right
neighbour is 0, then after the transformation, the pixel value is 0. If both the left and right

neighbours of the original image pixel are 1, then the pixel value remains 1 (Figure 13c).

2. Dilation: The eroded image is then dilated. Dilation is the opposite of erosion. The central pixel
value is the maximum value of its neighbours given by the structuring element. So, in the example,
if either the left or right is equal to 1, then the pixel value changes to 1; if both are 0 or 1, then

nothing changes (Figure 13d).

3. White top-hat: Finally, the dilated image is taken away from the original image. The white
top-hat retains features that are smaller than the structuring element, meaning that thin edges and

small features are kept, while larger features are removed (Figure 13e).
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(e) Original image - Dilated image.

Figure 13: Top-hat process on a binary image (a) using a structuring element (b). Each image displays
a binary image containing 0s and 1s.
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2.2.4 Machine learning for feature segmentation

In later sections of the PhD thesis, an attempt is made to quantify the change in solder spreading from
images taken with a high-speed camera. At the time of writing, this is the rst study of its kind; however,
the methods used were extrapolated from those previously employed in biology research [70]{[72]. The
research described in this thesis examines SAC305 solder on Ag substrates; therefore, even in colour
images, the materials appear shiny and grey tone, which makes the distinguishing of di erent features of

interest more challenging.

A study by Sarker et al. evaluated the capability of Detectron2 (a library developed by Facebook
Al Research that provides detection and segmentation algorithms ) to identify cells associated with colon
cancer from micrographs [73]. Pathologists initially annotated the cancer-causing cells in training images;
these cells had a distinct shape, size, and colour compared to the other cells in the annotated micrographs.

Healthy cells were subsequently successfully segmented using Detectron2 with an accuracy score of 98 %.

A similar study was performed by Croteau et al. where Detectron2 was leveraged to identify
cracks in Nb3Sn wires used in superconducting accelerator magnets [74]. In these systems, a cable
consists of four wires, each made up of a series of structural elements that contain sub-elements. These
are shown in Figure 14, with the pink regions being the elements and the sub-elements the blue hexagons
within each element. The study aimed to locate cracks formed in the sub-elements during uniaxial or

biaxial loading.

Stack imaging (overview) Wire imaging
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Figure 14: Optical microscope image of Rutherford wire used for Machine learning training [74].

The model was trained on 43 optical microscope images containing 322 hand-labelled cracks.
They achieved an average precision of 42.8 % and 27.9 % for the bounding box and the mask generated
by the model, respectively. This suggests that the model performed better at identifying the general

crack location than at precisely delineating its pixel-wise outline. The accuracy was also much lower than
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the 98 % reported by Sarker et al on segmenting cancer-causing cells, highlighting the challenges of using

Detectron?2 in this scenario.

As shown in Figure 15, Croteau et al. successfully identi ed areas with the highest concentration
of cracks within the sub-elements and determined the orientation of the cracks relative to the largest
applied load for each loading condition. The results also highlighted the sensitivity of the analysis to

‘noise’, such as polishing defects, which were misidenti ed as cracks.

Cable 1 Cable 2 Cable 3 Cable 4

Figure 15: Composite of all loading conditions with wires without artefacts such as scratches from sample
preparation and processing voids [74].

Metallurgical defect detection is a key part of quality control in manufacturing processes. This
can be accomplished through visual inspection by an operator or non-destructive testing, such as ul-
trasound, which tests the internal properties of the part for discontinuities. Both methods can require
a signi cant amount of time, capital, and training, depending on the complexity of the part, the tech-
nique used, and the operator’s skill. Various studies have assessed the e cacy of machine learning for

automated defect detection.

A comparative study by Usamentiaga et al. examined the di erence in object detection and
semantic segmentation accuracy of YOLOV5 (a machine learning vision system for object detection and
image segmentation, created by Ultralytics) compared to other machine learning methods [75]. The study
used 2,700 greyscale images of hot-rolled steel with annotated defects (pitting, scratches, rolled-in scale)
for model training and assessment. They found that YOLOV5 outperformed other models, achieving the
best mean average precision for detecting all defect types. However, YOLOV5 struggled with identifying

ne networks of surface cracks, as did all the other models tested, suggesting that ne cracking is generally

di cult to identify, as shown in Table 2.4.

Building on the work of Usamentiaga et al., Akshayanivashini et al. have evaluated the ability of
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Table 2.4: Results of Average precision benchmark tests of machine model algorithms on rolled stainless
steel NEU-900 dataset [75].

Model framework SSD F-RCNN YOLOv3 YOLOvV5

Defect type

Crazing 0.411 0.374 0.211 0.221 0.417 0.424
Inclusions 0.796 0.794 0.592 0.580 0.763 0.864
Patches 0.839 0.853 0.774 0.772 0.863 0.939
Pitted surface 0.839 0.815 0.454 0.239 0.851 0.862
Rolled in scale 0.621 0.545 0.246 0.335 0.581 0.655
Scale 0.836 0.882 0.739 0.570 0.856 0.940
Mean average precision 0.724 0.711 0.503 0.453 0.724 0.781

Detectron2 to identify and segment metallic defects (rolled-in scale, patches, crazing, pits, scratches, and
inclusions) in hot-rolled steel [76]. Their model was trained on images from the NEU-DET repository;
however, the number of images used was not stated. The results showed that Detectron2 had a 35 %
higher mean average precision than YOLOv8. The researchers hypothesised that the advanced object

detection algorithms in Detectron2 had the most impact on detecting defects in hot-rolled steel.

chafing 98 %
[~

compression 100 %

core out 100 %

compression 100 %

Figure 16: Wire defect detection using Detectron2, with each segmented wire highlighted from the black
background. The location of defects is shown using a bounding box. The con dence in the model in its
identi cation is shown as a percentage on the edge of the bounding box. [77].

While accuracy metrics provide a useful measure of model performance, it is equally important

to analyse cases where the model fails, as the performance of a model can di er even slightly in di erent
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situations. Rani et al. applied Detectron2 to detect defects in Polyethylene cables used for hoisting heavy
o shore equipment [77]. Their nal model achieved an accuracy of 58.4 %, yet it still produced useful
results, as illustrated in Figure 16 in certain scenarios. In such ndings, the quoted accuracy measures
the proportion of correct predictions compared to annotated images, which are considered the relevant
ground truths. However, Rani et al. note that in their case the availability of only a small number of
training images limited the model’s accuracy. Even with a larger dataset, the wide range of possible wire
defects, along with variations in temperature, manufacturing processes, and operational conditions could

be detrimental to the model’s e ectiveness in real-world applications.

2.2.5 Machine learning to quantify the behaviour of liquids

Micro uidics is the study of the behaviour of uids within microlitre volumes or micro-scale channels[78].
Quantifying the ability of an emulsion to form droplets in these channels has traditionally been done using
ImageJ plug-ins and basic image-processing techniques. In micro uidics, machine learning has already
been used to quantify changes in droplet size and amount, with these parameters then used to measure

concentration and ow rate changes [79].

Rutkowski et al. examined the di erences in the number of droplets detected by machine
learning algorithms (YOLOv3, YOLOvV5, Faster R-CNN, an alternative object detection network, with
an attention mechanism) in images taken during micro uidic experiments, comparing these methods to
traditional image-analysis techniques (ImageJ, Hough Transform)[80]. Hough transform is a method
used to detect lines in images [81]. The images were captured using a high-speed camera. Segmenting

micro uidic droplets can be challenging due to droplet distortion, overlap, and variations in contrast.

The study aimed to assess the best method for counting droplets. To do this, the researchers
trained three models (YOLOvV3, YOLOVS5, Faster R-CNN) and compared the number of droplets detected
by these models to those found using traditional methods. They rst evaluated model performance using
mean average precision at 50% overlap (mAP50). As previously mentioned, mAP50 measures how well
a model’s predictions align with ground truth data, requiring at least 50% overlap for a detection to be
considered correct. YOLOV5 achieved the highest mAP50 score ( 80%), meaning it accurately detected

and localised droplets in 80% of the test set images (Figure 17).

YOLOVS5 also detected a wider range of droplet sizes from high-speed images, providing a more
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Figure 17: Segmentation of droplets in micro channel by YOLOV5 [80].

accurate and representative droplet count compared to ImageJ and the Hough Transform. This suggests

that YOLOVS5 is the most e ective method for droplet detection in micro uidic applications.

It is known that the change in shape after a liquid impacts a substrate can be used to di erentiate
between wetting and non-wetting behaviours. Yee et al. proved that a model of this type can be used
to characterise the splashing and non-splashing of ethanol on hydrophilic glass substrates [82]. The
experimental setup was achieved by varying the height of an ethanol pipette secured to a stand and
capturing images using a high-speed camera. Examples of the greyscale images used for model training
and testing are seen in Figure 18. The images of the falling droplet show clear boundaries between the
background and the substrate. However, what happens after impact is more complex, as smaller droplets
appear in the background, and the main ethanol droplet takes on a sinusoidal shape after contact with

the glass substrate.

The neural network of choice for this application was a Feedforward Neural Network(FNN) [83].
A FNN is an arti cial neural network in which information moves in one direction only, from the input
layer through one or more hidden layers to the output layer, without cycles or loops. Unlike convolutional
neural networks (CNNs), which are designed speci cally for image processing, FNNs process input features

independently and do not consider spatial relationships. In contrast, CNNs use convolutional layers to
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Figure 18: Sequence of images of Ethanol dropped on Hydrophobic glass from the 8 cm, 20cm and 60cm
[82].

extract features such as edges, shapes, and textures by applying Iters over small regions of an image.
These extracted features are then combined across multiple layers to identify and recognise objects within

the image.

The paper demonstrated the e ectiveness of the FNN model by achieving an accuracy of 82%.
The large number of images used in the study gave weight to their (counter-intuitive) nding that
increasing the distance of the liquid droplet from the substrate did not systematically or signi cantly
improve wettability of the system. While the study could have been conducted by manually annotating the
images, this approach would have required a signi cant amount of time to process the same volume of data.
Experiments such as these have been collated by researchers to create databases which have successfully
been used to predict the wetting/spreading behaviour of uids on substrates [84], [85]. This demonstrates
how the use of automated feature identi cation and image analysis can be bene cial, particularly in
situations where there is su cient variability in the experimental output, necessitating the collection of

large datasets to develop a statistical understanding of key phenomena.
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2.3 Summary

A signi cant number of research projects have been conducted to improve solder adhesion to metallic
substrates; however, most of the work has been done usin@u substrates. Joining onAg o ers many

bene ts, such as reduced oxidation resistance and good electrical conductivity, which makes it suitable
for demanding applications. Notably, one of the most reported areas of solder joining improvement has
been via surface roughness modi cations. Traditionally, only Ra or Rq is used to quantify a surface;
however, the literature review raises the question of whether a single surface parameter is su cient to

distinguish the surface features that matter for each engineering challenge.

Additionally, the review of the literature also highlighted the potential for machine learning
in the eld of image analysis, particularly for quantifying features used in materials and manufacturing
process optimisation. ML-based approaches have been successfully used for water droplet tracking and
water wettability tests; however, this study will be one of the rst to quantify solder droplets on metallic

substrates using optical microscopy.

The PhD objectives can be summarised as follows:

Correlate the nal spreading area of SAC305 onAg with the surface characteristics of the substrate

surface.

Describe and characterise the microstructure of the SAC305Ag interface with di erent substrate

surfaces.

Study the e ect of engineered surfaces using laser texturing on the spreading characteristics of

SAC305/Ag substrates.

Create and test a method using image-based machine learning to track solder spreading data gen-

erated using hot-stage microscopy.



Chapter 3

Methods

3.1 Experimental Methods:

The methods discussed in this section are described in the form used consistently throughout all investi-

gations.

Methods were chosen in order to achieve the following aims:

1. Create relevant substrates.
2. Observe solder spreading on the surface.

3. Investigate how the common procedure of using grit paper to create roughness a ects solder spread-
ing.

4. Understand the substrates in terms of the surface characteristics and metallurgy.

5. Find out which, if any, surface parameters can be used to predict the solder spreading behaviour.

6. Explore the use of a controlled surface via laser texturing on the solder behaviour.

7. Investigate the metallurgy of the join.

All of these methods focus on the metallurgical and spreading behaviour of the solder, which,

although necessary, does not directly measure the strength of the solder joint. Creating an experiment

37
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that only examines surface texture would require using the laser-textured surface to control the textured
area of the sample best. For such an investigation, the morphology of the substrate itself, which could
act as localised stress points during deformation and the bonding strength of the joint would have to
be taken into account. The system created would be complex and therefore outside the scope of this
project. The metallurgical and morphological aspects of solder behaviour were the primary subjects of

this project.

3.1.1 Substrate Production Methods

Grit roughened Ag substrate preparation

99.99% purity Ag sheet was purchased from Goodfellows Cambridge Ltd, UK. The 1 mm thick sheet was

then wire Electrical Discharge Machined (EDM) to create 8 mm diameter discs.

The selected method for creating di erent surface roughness features was grinding the samples
with abrasive papers of varying grit sizes. The samples were cold-mounted to create a grit-roughened
surface through a consistent approach, while maintaining sample atness. FourAg discs were hot-
mounted with Purifast Green using the Simplemet mounting press. This was followed by grinding for
one minute at a single grit at 20N, with a platen speed of 200 rpm, and both the samples and the platen
rotating in the same direction. The grit papers used for the experiments were P120, P240, P400, P600,
P800, and P1000 grit. The discs were then broken out and cleaned using isopropanol to remove excess

mounting media.

AgsSn substrate creation

To separate the formation of AgzSn from the spreading of the solder at the surfaces created using di erent
grit papers, trials were performed onAgs;Sn substrates. Agz;Sn substrates are not commercially available
and had to be produced in-house.Ag and Sn can be combined in the argon arc melter, but to form a
single-phase intermetallic, it was anticipated that a heat treatment would be needed post-arc melting,
as the relatively high cooling rates in this method may prevent the ordered structure from forming with
good homogeneity. Before making theAgsSn substrates for wetting trials, a heat treatment investigation

was conducted to determine the optimal time and temperature forAgz;Sn formation. AgsSn is seen as a
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line compound in Figure 19, the Ag-Sn phase diagram, meaning the phase transformation occurs at the
exact composition of Sn-74wt% - Ag [86]. There is no standard method of production, and, while it is

thermodynamically favoured, the kinetics of formation could be slow.

Figure 19: Sn Ag Phase diagram [86].

Appropriate quantities of Ag and Sn needed to form 20 g ofSn-74wt% - Ag were weighed and
then placed in the Cu crucible of the Arc melter (Arcast Arc 200). The Royce Discovery Centre at the
University of She eld provided both high-purity Ag and Sn. The furnace chamber was evacuated and
purged with argon three times before melting. The ingot was then ipped and re-melted ve times to

produce a homogeneous composition, and then furnace cooled.

Subsequently, theSn-74wt% - Ag ingot was sectioned into three parts and heat-treated at 350
C for 100 hours and 249 hours. The segment for each heat treatment duration was then sectioned to

provide two samples, thereby reducing the uncertainty in compositional and microstructural analyses.

X-ray di ractometry (XRD) and Scanning Electron Microscopy (SEM, FEI Inspect F50) were
used in conjunction with Energy Dispersive X-ray Spectroscopy (EDS, Oxford Aztec) to assess the dif-
ferences in the phases formed for each heat treatment duration. EDS maps for both heat treatment
times were uniform across the samples. Both heat-treatment cycles showed minimal di erences in the

EDS analyses between the results of prolonged heat-treatment time, as shown in the minimal di erence






